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ABSTRACT 
Arctic and Boreal ecosystems are experiencing accelerated carbon cycling that 
coincides with trends in the normalized difference vegetation index (NDVI), a widely 
used remotely sensed proxy for vegetation productivity. Meanwhile, a variety of 
processes are extensively altering Arctic-Boreal land cover, complicating the relationship 
between NDVI and productivity. Because high-quality information on land cover is 
lacking, understanding of relationships among Arctic-Boreal greenness trends, 
productivity, and land cover change is lacking.  
Multidecadal time series of moderate resolution (30 m) reflectance data from 
Landsat and high resolution (<4 m) imagery were used to map annual cover and quantify 
changes in land cover over the study domain of NASA’s Arctic-Boreal Vulnerability 
Experiment. Results identify two primary modes of ecosystem transformation that are 
consistent with increased high latitude productivity: (1) in the Boreal biome, 
simultaneous decreases in Evergreen Forest area and increases in Deciduous Forest area 
  vii
caused by fire and harvest; and (2) climate change-induced expansion of Arctic Shrub 
and Herbaceous vegetation.  
Land cover change imposes first-order control on the sign and magnitude of 
NDVI trends. Over a quarter of NDVI trends were associated with land cover change. 
Relative to locations with stable land cover, areas of land cover change were twice as 
likely to exhibit statistically significant trends in Landsat-derived NDVI.  The highest 
magnitude trends were concentrated in areas of forest disturbance and regrowth and shrub 
expansion, while undisturbed land showed subtler, but widespread, greening trends. 
Based on Orbiting Carbon Observatory-2 data, sun-induced fluorescence, a proxy for 
productivity, reflected relationships among land cover, disturbance age, and productivity 
that were not fully captured in NDVI data.  
In contrast with NDVI, time series of aboveground biomass provide physically-
based measures of productivity in forests. Using Landsat-based land cover and 
reflectance and ICESat lidar data, aboveground biomass was mapped annually across the 
study domain. Most forests showed increasing biomass, with wildfires imposing 
substantial interannual variability and harvest imposing steady biomass losses. This 
dissertation provides new information on how disturbances are driving land cover and 
productivity change across Arctic-Boreal northwestern North America and reveals 
insights regarding the interpretation of remote sensing observations in these biomes. 
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INTRODUCTION 
1.1 Background 
Earth is experiencing substantial climate change due to steady increases in the 
atmospheric concentration of greenhouse gases (IPCC AR5 SPM). However, the climate 
of high northern latitudes is warming at a substantially higher pace via a system of 
physical climate feedbacks called “Arctic Amplification” (Chapin et al., 2005; Pithan and 
Mauritsen, 2014; Serreze et al., 2009; Xia et al., 2014). Because Arctic and Boreal 
ecosystems are critical and vulnerable components of the global climate system (Bonan, 
2008; Bonan et al., 1992; Chapin et al., 2000), it is crucial to understand how changes in 
these high northern latitude biomes influence climatic processes. For example, aircraft 
measurements have reported a marked increase in the seasonality of atmospheric CO2 in 
high northern latitudes over the last half century, which has been interpreted to reflect 
increases in northern ecosystem productivity (Graven et al., 2013; Keeling et al., 1996). 
Multiple mechanisms for this latitudinally-dependent shift in carbon exchange have been 
debated, including climate change, changes in vegetation cover, post-disturbance 
succession, land use, and CO2 fertilization, among others (Forkel et al., 2016; Gray et al., 
2014; Yuan et al., 2018; Zeng et al., 2014; Zhu et al., 2016; Zimov et al., 1999). 
Irrespective of the specific mechanisms causing this change, the observed trend toward 
increased CO2 seasonality is likely broadly driven by increased photosynthetic rates, 
although some studies also suggest a role for increased rates of ecosystem respiration 
(Piao et al., 2008; Randerson et al., 1999; Thomas et al., 2016).  
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In addition to impacting the productivity of high latitude ecosystems, Arctic 
Amplification and warming also results in a variety of indirect changes to Arctic-Boreal 
ecosystems by altering disturbance regimes, which modify the demography of Boreal 
forests and Arctic tundra, and additionally by inducing shrub expansion in the Arctic 
tundra (Johnstone et al., 2010; Kasischke et al., 1995; Sturm et al., 2001; Tape et al., 
2006).  These land surface changes can substantially alter carbon uptake and 
biogeophysical feedbacks by influencing the extent and composition of vegetation types 
at continental scales (Elmendorf et al., 2012; Goulden et al., 2011; Randerson et al., 
2006; Rogers et al., 2013; Zhang et al., 2013; Zimov et al., 1999). It is likely that all these 
land surface changes affect rates of large-scale ecosystem-atmosphere carbon exchange, 
although many of these impacts remain unquantified and therefore require more study.  
Analyzing change in Boreal and Arctic ecosystem properties like land cover is 
challenging because of their vast geographic extent and remoteness, making field studies 
that can represent the domain relatively expensive and difficult to conduct. Therefore, 
technologies such as satellite remote sensing, which can characterize synoptic-scale 
processes over time, are crucial to improving our understanding of these ecosystems and 
how they are changing. However, interpretation of remote sensing data can be 
challenging since reflected or emitted electromagnetic radiation observed by 
spectroradiometers are only indirectly related to characteristics of interest on the ground, 
especially when relatively few sources of field data are available to calibrate and assess 
remote sensing-based observations of ecosystem properties and change. Understanding 
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and improving the information provided by satellite remote sensing is therefore important 
to address key open questions in Arctic-Boreal carbon and land change science. 
 
1.2 Land Cover in Arctic-Boreal Biomes 
Understanding the degree to which land cover changes impact how Arctic and 
Boreal ecosystems interact with the global and regional climate systems requires accurate 
quantification of the distribution and changes in land cover (Chapin et al., 2000).  Current 
land cover products tend to be too spatially coarse, geographically limited, or do not 
provide sufficiently realistic information related to change (Bartsch et al., 2016; Song et 
al., 2018; Walker et al., 2005) to accurately characterize the highly dynamic and spatially 
heterogeneous landscapes of Arctic and Boreal biomes. Moderate spatial resolution land 
cover data (approx. 30 m) have been identified as sufficient to capture carbon dynamics 
in heterogeneous tundra systems (Treat et al., 2018), yet geographically extensive land 
cover products at this scale have yet to be produced with sufficient thematic detail 
(Bartsch et al., 2016). Efforts to map forest cover change often ignore forest phenological 
type (i.e., deciduous vs evergreen), which limits our understanding of how transitions in 
plant functional types might impact Boreal productivity (Hansen et al., 2013). Hence, 
there exists a fundamental knowledge gap in the nature, extent, and rate of land cover 
change in Arctic and Boreal ecosystems, particularly at a spatiotemporal resolution 
sufficient to capture both major and subtler cover changes, and the slow rates of growth. 
Disturbance, defined here as any abrupt ecosystem process that results in a change 
in underlying land cover and ecosystem function, is widespread and common in high-
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latitude ecosystems. Over 10% of Canada’s Boreal forests have experienced logging, fire, 
or other disturbances over the last 30 years (White et al., 2017), while substantial areas of 
the Arctic tundra are undergoing shrub encroachment, the warming-induced proliferation 
of woody vegetation in previously herbaceous-dominated land (Elmendorf et al., 2012; 
Myers-Smith et al., 2011; Sturm et al., 2001; Tape et al., 2006). In areas of sporadic or 
discontinuous permafrost, thawing and degradation of permafrost has caused loss of 
evergreen forests and expansion of wetlands at a scale comparable to that of fire 
disturbance (Carpino et al., 2018; Gibson et al., 2018; Helbig et al., 2016). Following 
stand-replacing disturbances, forests continue to change via processes of recovery and 
succession (Johnstone et al., 2010).  
In addition to modifying fire regimes, evidence suggests that climate warming is 
leading to increased frequency of insect infestations and drought-induced mortality in 
Boreal forests (Eamus et al., 2013, 2013; Hogg et al., 2008; Ma et al., 2012; Volney and 
Fleming, 2000). These disturbances afflict forests in two broad modes - as a gradual, or 
“press”, disturbance, and as an abrupt, or “pulse” disturbance, both of which have very 
different potential impacts on carbon uptake and biomass accumulation (Grosse et al., 
2011). In the aggregate, field and small-area studies throughout the Arctic-Boreal zone 
provide multiple lines of evidence that natural disturbance, human activity, and climate 
change are jointly causing substantial perturbations in land cover change across high-
latitude ecosystems.  Given that a growing body of evidence suggests that recent rates of 
fire in Boreal forests is significantly different from pre-historical rates, it is likely that the 
distribution of land cover across Boreal and Arctic ecosystems is out of steady state and 
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experiencing a fundamental shift in terms of the extend and geographic distribution of 
plant functional types (Boucher et al., 2017; Kelly et al., 2013). 
Systematic changes in high latitude land cover have significant implications for 
coupled interactions between Arctic and Boreal ecosystems and both regional and global 
climate. To illustrate this, Table 1.1 highlights the range in seasonal land surface albedo, 
which influences regional climate by altering radiation budgets, and peak growing season 
net ecosystem exchange, which influence global climate via carbon cycle impacts, across 
key Arctic and Boreal land cover types. A shift of tundra herbaceous land cover to tundra 
shrubs is associated with a decrease in land surface albedo of approximately 18%, 
potentially creating a regional warming feedback (Loranty and Goetz, 2012; Zhang et al., 
2018, 2013) while at the same time substantially increasing carbon storage by a factor of 
5, which, in turn, would impose a negative feedback on warming on a global basis (Fox 
et al., 2008). Because these climate feedbacks are both substantial and opposite in sign, 
understanding the net climate forcing of tundra shrub expansion requires careful 
characterization of shrub expansion and the associated impacts on surface energy and 
carbon budgets. Similarly, Boreal deciduous forests cycle carbon at nearly twice the rate 
of Boreal evergreen forests, exhibit considerable seasonality in photosynthetic activity, 
and have a nearly 50% higher land surface albedo (Betts and Ball, 1997; Black et al., 
2000; Dunn et al., 2007). These competing feedbacks occur at different scales (i.e. 
regional vs global), which complicates the evaluation of the net feedback of various land 
change processes. Further, disturbance and age structure in Boreal forests introduce 
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substantial variability to carbon exchange rates (Goulden et al., 2011; Pugh et al., 2019; 
Zimov et al., 1999).  
Shifts in the demography and distribution of plant functional types resulting from 
disturbance, climate change, and human activity therefore have complex, multifaceted, 
and potentially large impacts on how Arctic and Boreal ecosystems influence the global 
climate system.  Land cover, as a general construct, captures and abstracts a wide array of 
land surface properties into a single and easily understood description of the land surface. 
Models and algorithms that are used to assess changes in Earth’s productivity generally 
utilize land cover as a fundamental input to parameterize a large number of surface 
properties (Bonan, 2008; Fisher et al., 2018; Myneni et al., 1997b; Running et al., 2004), 
so ignoring changes in high-latitude land cover, as most recent studies do, can 
substantially bias results (Chen et al., 2019; Zhang et al., 2008). 
 
1.3 High-latitude Greening and Browning 
One of the key changes observed in northern ecosystems is apparent widespread 
“greening” and “browning” over large areas that have been observed in time series of 
spectral vegetation indices such as the normalized difference vegetation index (NDVI) 
(Myneni et al., 1997a).  Because spectral vegetation indices are correlated with important 
vegetation properties, indices such as the NDVI are commonly used as remotely-sensed 
proxies for productivity, leaf area, or biomass (Carlson and Ripley, 1997; Gamon et al., 
1995; Myneni et al., 2001; Xiao, 2004), and observed changes in NDVI in northern 
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hemisphere ecosystems have been proposed as potential explanations for increased 
northern productivity (Bunn and Goetz, 2006; Myneni et al., 1997a).  
However, as a tool for studying productivity, NDVI is fraught with complications. 
As an index, it does not have a unique physical relationship with productivity, but is 
widely used to parameterize light use efficiency models (Aber and Federer, 1992; 
Mahadevan et al., 2008; Running et al., 2004; Xiao, 2004) or in combination with field 
data that can be used for calibration (Berner et al., 2018; Park et al., 2016). NDVI 
measurements are also strongly affected by non-vegetated components of the land 
surface, such as surface water, which strongly reduces observed NDVI (Beget and Di 
Bella, 2007; Raynolds and Walker, 2016).  Therefore, coarse spatial resolution pixels that 
include mixtures of land cover types present challenges for interpreting changes in NDVI 
(Badgley et al., 2017; Raynolds and Walker, 2016).  Perhaps most significantly, different 
plant functional types vary substantially in terms of their NDVI values in ways that have 
little direct relationship with productivity (e.g. broadleaf forests and grasslands can have 
similar NDVI values but widely different productivity) (DeFries and Townshend, 1994). 
Finally, both anthropogenic and natural disturbance events, particularly those that result 
in changes in the underlying land cover, are relatively common at high latitudes and 
directly influence observed trends in NDVI (Sulla-Menashe et al., 2018). Because most 
studies that have examined trends in NDVI have used relatively coarse spatial resolution 
imagery (i.e., 100s of m to 10s of km), sub-pixel variation in land cover following 
disturbance (which substantially impacts observed NDVI trends) is often not accounted 
for, especially for smaller, but potentially widespread, forest disturbances like seismic 
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lines or permafrost thaw (Alcaraz-Segura et al., 2010; Beck and Goetz, 2011; Ju and 
Masek, 2016). The net impact of sub-pixel disturbance and land cover depends on the 
sensor and spatial resolution that is used, adding considerable uncertainty to NDVI trend 
interpretation (Alcaraz-Segura et al., 2010; Guay et al., 2014). Hence, the underlying land 
cover affects not only the absolute value of NDVI, but also the way it is interpreted in 
terms of climatic or ecological meaning, and uncovering these impacts requires careful 
characterization with sufficiently high spatial resolution imagery. 
 
1.4 Alternatives to NDVI 
 Despite its heavy utilization, NDVI provides a highly simplified measure of 
ecosystem processes, particularly since its interpretation depends heavily on the 
underlying land cover. Research is ongoing to develop other remote sensing methods and 
proxies that capture ecosystem processes such as productivity at synoptic scales, 
including additional spectral indices (Gamon et al., 2016, 1992; Garbulsky et al., 2011), 
hyperspectral data (Schimel et al., 2015), multi-angle observations (Hall et al., 2008; 
Hilker et al., 2013), and derived land surface data products. Sun-induced fluorescence 
(SIF) from satellite remote sensing has recently emerged as a promising proxy of 
photosynthesis at synoptic scales (Damm et al., 2010; Frankenberg et al., 2014; Grace et 
al., 2007; Meroni et al., 2009), with particular ability to capture Boreal forest and Arctic 
tundra carbon dynamics (Luus et al., 2017; Walther et al., 2016). A key feature of SIF is 
that it provides measurements with physical units that quantify the flux of emitted 
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photons as a by-product of photosynthesis.  Hence, values from SIF can be compared 
across biomes and land cover types in ways that NDVI and other spectral indices cannot.  
 
1.5 Aboveground Biomass in Boreal Forests 
 One of the most direct ways of measuring carbon uptake in ecosystems with 
remote sensing is by estimating stocks and changes in aboveground biomass (AGB) (Lu, 
2006). Because net accumulation of AGB is a direct realization of the combined effects 
of annual net  productivity and disturbance, estimates of change in AGB can be used as 
direct indicators of changes in carbon balance (Botkin and Simpson, 1990).  In recent 
years, advances in lidar remote sensing and machine learning techniques have enabled 
the use of surface reflectance time series to map AGB at synoptic scales and over time 
(Baccini et al., 2012, 2004; Lefsky et al., 2002; Wulder et al., 2012). Such multi-sensor 
techniques have been used in the tropics to estimate net carbon fluxes associated with 
processes such as deforestation and provide a valuable monitoring technique for 
understanding changes in ecosystem services in the world’s forests (Baccini et al., 2017).  
 The carbon budget of Boreal forests is an important component of the global 
carbon cycle, but its interannual variability and total stocks remain highly uncertain 
(Malhi et al., 1999; Neigh et al., 2013). Most studies rely on long-term forest surveys, but 
these are hard to scale and rarely capture the influence of disturbances (Botkin and 
Simpson, 1990). Widespread drought-induced tree mortality, insect infestation, low-
intensity fires, and partial logging impact Boreal forests in ways are difficult to capture 
by land cover classification or analysis of NDVI trends (Eamus et al., 2013; Hogg et al., 
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2008; Kasischke et al., 1995; Ma et al., 2012; Volney and Fleming, 2000), and high 
quality information related to large scale dynamics in Boreal carbon budgets is lacking. 
Field data are essential for calibrating remote sensing-based models of biomass, but are 
usually limited in both extent and density due to the cost of conducting field studies in 
remote and vast areas like the Boreal forest. However, recent advances in the availability 
of lidar data and computational techniques have allowed researchers to connect field-
based allometric information with lidar remote sensing data (Wulder et al., 2012), and 
have improved understanding of carbon stocks across Boreal forests derived from time 
series of remote sensing data (Matasci et al., 2018a, 2018b). At the same time, recent 
studies of Boreal forest biomass have not incorporated disturbance and land cover change 
explicitly, resulting in potential biases (Matasci et al., 2018a). Information on land cover 
and disturbance history are essential to mapping biomass because allometric equations 
that relate Boreal forest structure to AGB vary as a function of land cover properties such 
as by forest type or burned status (Asner et al., 2009; Drake et al., 2003; Neigh et al., 
2013; Wang et al., 2013). Hence, there exists a need for methods that estimate dynamics 
in Boreal forest AGB that are informed by land cover and an understanding of the 
interactions among AGB, land cover change, disturbance. 
 
1.6 Research Objectives and Dissertation Outline 
Ignoring land cover change introduces substantial bias into the interpretation of 
remote sensing-based metrics of productivity. Land cover remains a fundamental input to 
algorithms and models in Earth System Science, yet studies utilizing models at large 
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scales often over-simplify land cover or ignore land cover change altogether. Recent 
advances in computational techniques have enabled efficient processing of large data 
volumes that are required to derive data products from moderate resolution data like 
Landsat. However, these advances have not been fully exploited to understand how land 
cover and carbon dynamics are changing in high latitude ecosystems.  In this dissertation 
we address this need by using time series of moderate resolution remote sensing data 
from Landsat 5 and Landsat 7 to characterize annual land cover and multidecadal land 
cover change at continental scale and explore how these land cover changes inform our 
understanding of carbon dynamics in the Arctic-Boreal Region (ABR) of northwestern 
North America.  
To address these objectives, this dissertation presents research conducted in the 
Core Study domain of NASA’s Arctic-Boreal Vulnerability Experiment (ABoVE) across 
Alaska and northwestern Canada. The study region encompasses the Core Study Domain 
of ABoVE project, which includes the majority of Alaska and northwestern Canada and 
covers 4.76 x 106 km2, the equivalent of 5.2 x 109 30 m Landsat pixels (Fisher et al., 
2018) (Figure 1.1).  To facilitate the analysis, all data were gridded into tiles (180 km on 
a side) with an Albers Equal Area projection centered on the ABoVE Core Study 
Domain. We used ecoregions mapped by the US Environmental Protection Agency to 
distinguish between Boreal and Arctic biomes and between ecoregions within the study 
domain (https://www.epa.gov/eco-research/ecoregions-north-america). Ocean pixels 
were excluded using a manually-edited land-ocean mask based on the 10 m ocean mask 
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from Natural Earth Data (Kelso and Patterson, 2010). This study domain defined the 
scope of all the work in this dissertation. 
Following this introductory chapter, the dissertation is organized into four parts. 
In Chapter Two, we use a 31-year time series of Landsat data in combination with 
extensive high-resolution imagery to map annual 30 m land cover and estimate the extent 
of land cover changes across the spatiotemporal domain. In Chapter Three, we combine 
the land cover and land cover change information from Chapter Two to characterize how 
statistically significant greening trends, derived from time series of Landsa-based NDVI, 
are related in extent and magnitude to land cover, land cover change, and disturbance 
processes. In Chapter Four, we incorporate lidar data from the Geoscience Laser 
Altimeter System (GLAS) instrument to annually map 30 m aboveground biomass 
density and characterize the variability in time series of AGB as a function of ecoregion 
and disturbance process. In Chapter Five, we summarize the major findings of this 
research, identify key implications, and discuss future directions.  
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Table 1.1 | Variability in carbon and biophysical characteristics according to 
Boreal/Arctic land cover. Values are intended to provide rough order of magnitude 
estimates to demonstrate variability in land surface characteristics arising from 
differences in land cover. Values indicated are either averages derived from eddy 
covariance studies or values utilized in modeling studies. NEE refers to “Net Ecosystem 
Exchange”, a measure of the flux of carbon between the atmosphere and the land surface; 
negative values refer to carbon uptake by the land surface. References: 1Chapin et al. 
(2005); 2(Dunn et al., 2007); 3(Vourlitis and Oechel, 1999); 4 (Fox et al., 2008); 5(Black et 
al., 2000); 6(Betts and Ball, 1997) 
 
Land Cover 
Land Surface 
Albedo (Winter) 
Land Surface 
Albedo (Summer) 
Average Summer NEE 
(µmol CO2 m-2 s-1) 
Tundra Herbs 0.8(1) 0.17(1) -0.545(3) 
Tundra Shrubs 0.6(1) 0.15(1) -2.813(4) 
Deciduous Forest 0.182 (6) 0.156(6) -5.025(5) 
Evergreen Forest 0.132(6) 0.093(6) -2.82(2) 
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Figure 1.1 | Density of cloud-free and snow-free Landsat observations over the 1984-
2014 period, as an average per 900 m2 area in the Arctic-Boreal Vulnerability 
Experiment (ABoVE) Core Study Domain. Landsat observations are especially dense 
where multiple orbits overlap, resulting in additional observations in a given location per 
16 day orbital repeat period. The orbital overlaps increase in frequency near the poles, 
where the orbits converge. The orbital convergence compensates for substantial cloud 
coverage at high latitudes and snow coverage in mountainous areas.  
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WIDESPREAD PLANT FUNCTIONAL TYPE TRANSITIONS ACROSS THE 
ARCTIC-BOREAL REGION OF NORTHWESTERN NORTH AMERICA 
CAUSED BY DISTURBANCE AND CLIMATE CHANGE. 
 
 
2.1 Introduction 
Rapid climate warming is changing the structure and composition of Arctic and 
Boreal biomes, influencing land cover both directly (e.g., via warming-induced shrub 
growth) and indirectly (e.g., by altering disturbance regimes) (Soja et al., 2007).  In the 
Boreal biome, changes in climate and fire regimes, in addition to resource extraction, 
infrastructure development activities, and permafrost degradation, are inducing tree 
mortality and triggering successional processes (Carpino et al., 2018; Helbig et al., 2016; 
Williams et al., 2013). In the Arctic tundra, climate change, including warming and 
growing season length enhancement, is inducing woody shrub cover expansion 
(Elmendorf et al., 2012; Tape et al., 2006). These processes substantially change Arctic 
and Boreal land cover and, by extension, climate-ecosystem interactions in the Arctic-
Boreal Region (ABR) via changes in albedo (Randerson et al., 2006), carbon exchange 
(Goulden et al., 2011; Zimov et al., 1999), and snow and permafrost dynamics (Zhang et 
al., 2013).  For example, flask measurements collected from aircraft have shown that 
seasonality in atmospheric CO2 in the mid- and high-latitude Northern Hemisphere has 
increased substantially over the last half century, suggesting large-scale changes in 
biome-wide ecosystem production (H. D. Graven et al., 2013; Keeling et al., 1996; 
Randerson et al., 1999). These measurements coincide with widespread increases in high-
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latitude land surface greenness (a proxy for productivity) derived from remote sensing 
(Beck and Goetz, 2011; Myneni et al., 1997a). However, it is unclear to what degree 
these greening changes reflect changes in biomass or leaf area versus large scale 
transitions in the distribution of plant functional types. Given extensive and frequent 
disturbances in this region (White et al., 2017), a key factor that limits understanding of 
ecosystem change in the ABR is the lack of high quality land cover and land cover 
change data. Land cover products that are too coarse tend to mischaracterize changes 
resulting from disturbances (Ju and Masek, 2016) and those not designed for the Arctic 
tundra or too short in timescale are likely to misclassify slow changes in the Arctic tundra 
(Bartsch et al., 2016; Hermosilla et al., 2018).  The Canadian Forest Service land cover 
products lack information on Alaska, which is a substantial portion of the ABoVE Core 
Study Domain (Wulder et al., 2008). Incomplete information on forest cover type (i.e. 
deciduous versus evergreen) precludes our ability to quantify the loss, regrowth, and 
transitions between evergreen and deciduous tree species in the Boreal forest biome at 
large spatial scales (Hansen et al., 2013; Song et al., 2018), which may be driving 
substantial changes in northern productivity (Augusto et al., 2015; Kimball et al., 2007, 
2000).  
Many studies have attempted to characterize land surface changes across the ABR 
using temporal trends of spectral indices like the normalized difference vegetation index 
(NDVI), but these techniques are unable to capture the multi-dimensional changes 
associated with shifts in dominant plant functional type, like changes in light use 
efficiency, seasonality, or albedo. Changes in land cover imply substantial potential 
  
17
changes in these land surface characteristics. Analyses are likely to mischaracterize land 
surface changes if the underlying plant functional type has shifted due to disturbance or 
regrowth, but most studies assume constant land cover type. The potential regional-scale 
impacts of such changes are difficult to quantify without land cover information at the 
appropriate geographic extent, spatial resolution, or temporal domain. 
Here, we use time series of medium spatial resolution (30 m) Landsat remote 
sensing data to classify annual land cover and land cover change (between 1984 and 
2014) over the Core Study Domain of NASA’s Arctic-Boreal Vulnerability Experiment 
(ABoVE), a 4.76 x 106 km2 area of Alaska and northwestern Canada. These climate-
sensitive areas are representative of the vulnerable forest and tundra ecosystems of 
northern high latitudes that are rapidly transforming in response to substantial climate 
change (Fisher et al., 2018). We incorporate spectral changes, climate, topography, and 
permafrost information to characterize annual land cover to understand how land cover 
has changed over the ABR in response to disturbances and climate change. Additionally, 
we incorporate manual interpretation of high resolution (<4 m) imagery to characterize 
the accuracy of our maps and quantify the uncertainty around change estimates over the 
domain. Using these data, we address the following questions:  
 
(1) In the Boreal biome, what is the extent and spatial variability of forest loss, forest 
growth, and net shifts in forest phenological types (i.e. evergreen vs. deciduous) 
between 1984 and 2014?  
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(2) In the Arctic biome, what is the extent and spatial variability of Shrub and 
Herbaceous replacement of Barren land between 1984 and 2014?  
(3) To what extent do certain major disturbance types (e.g. fires or logging) drive these 
plant functional type changes?  
 
2.2 Methods 
2.2.1 Overview 
Our analysis used surface reflectance imagery from the Landsat 5 Thematic 
Mapper and Landsat 7 Enhanced Thematic Mapper+ to detect land cover change, classify 
land cover type, and to characterize change across NASA’s Arctic-Boreal Vulnerability 
Experiment (ABoVE) study region, encompassing northwestern Canada and Alaska. Our 
workflow includes four main components: (1) break detection in time series of land 
surface reflectance to identify, per pixel, land cover change and time segments with 
stable land cover; (2) a semi-supervised classification approach that combines 
unsupervised clustering with supervised classification to maximize spectral separability 
and map statistical clusters across the domain; (3) interpretation of field photography and 
very high resolution imagery to assign land cover labels to statistical clusters; and (4) 
accuracy assessment using a design-based sample to correct for biases in area estimation 
arising from classification error. We estimate disturbance dates using the Continuous 
Change Detection and Classification (CCDC) algorithm (Zhu and Woodcock, 2014) and 
map land cover using our semi-supervised approach applied to 31 years (1984 – 2014) of 
remote sensing data.  Using this framework, we map land cover for each year and net 
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land cover change over the study period (1984-2014), focusing on expansion and 
contraction in the area occupied by Evergreen Forests, Deciduous Forests, Shrublands, 
and Herbaceous land cover.   
 
2.2.2 Model Input Data 
The primary source of data for land cover and disturbance mapping is time series 
of surface reflectance and brightness temperature from Landsat 5 Thematic Mapper and 
Landsat 7 Enhanced Thematic Mapper+ (Woodcock et al., 2008). The data were 
atmospherically corrected and screened for clouds and snow using the Fmask algorithm 
(Zhu and Woodcock, 2012). In addition, we included auxiliary data sources, including 
long-term average climate data from Worldclim (Fick and Hijmans, 2017), the 
Permafrost Zonation Index (PZI) (Gruber, 2012), elevation and slope information from 
the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) 
(Tachikawa et al., 2011), and surface water status (Pekel et al., 2016). These data sources 
were used to complement Landsat imagery by capturing the unique climatic and 
permafrost conditions of the northern high latitudes. Disturbance and change detection 
were performed solely using time series of Landsat surface reflectance data, while the 
auxiliary datasets (climate, PZI, elevation, surface water) contributed to land cover 
predictions.  
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2.2.3 Disturbance Detection and Feature Modeling 
The minimum mapping unit and unit of analysis were 30 meter Landsat pixels. 
For each pixel, we used CCDC to estimate statistical breaks in the time series of Landsat 
data and model surface reflectance as a function of time. Between each pair of breaks is a 
time segment that is assumed to represent relatively stable land cover with characteristic 
spectral signatures, and each pixel contains a sequence of one or more time segments 
(Figure 2.1). CCDC estimates harmonic models at each pixel that can be used to provide 
synthetic data that bridges gaps (e.g., caused by clouds) and reduces noise from outliers. 
Using these models, we derived a set of seasonal-spectral features for each time segment 
that include the median value for each season (e.g. pixel-specific peak summer or early 
spring), difference between subsequent seasons, and annual metrics like minimum, 
maximum, and amplitude, across all Landsat bands and several spectral indices, including 
the normalized difference vegetation index (NDVI), enhanced vegetation index (EVI), 
normalized burn ratio (NBR), and tasseled cap indices (brightness, greenness, wetness), 
among others (Crist and Cicone, 1984) (Appendix Table A.1.1). The seasonal-spectral 
features characterize the seasonality of land surface reflectance, enabling us to capture 
the variability between forest phenological types (i.e. deciduous versus evergreen) that 
may not be sufficiently captured by peak growing season values alone (Figure 2.2) 
(Pasquarella et al., 2018). These features provide the basis for both the unsupervised 
clustering and the supervised Random Forest land cover model. 
Because the snow-free seasons were very short, it was not feasible to rely on 
model coefficients as input factors for land cover classification (Zhu and Woodcock, 
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2014). When growing seasons were very short, there was considerable variability in 
which coefficients were non-zero, making reliable mapping of clusters based on the 
model coefficients inconsistent. To control for this, we developed our prediction features 
based on seasonal metrics of the synthetic reflectance. We defined the seasons for the 
spectral-temporal features as a function of the long-term mean snow-free season inferred 
from Fmask. For example, the start spring was defined as the day of year corresponding 
to 25% into the snow-free season, where the beginning of the season is defined by the 
long term mean date of snow melt (the 5th percentile of Fmask day of year) and the end of 
season is defined by the long term mean date of snow fall (95th percentile of Fmask day 
of year) while peak summer was defined as 50% into the season.  At each pixel, we 
estimated the start and end of the growing season, and took median synthetic reflectance 
values at 5% (winter), 20% (spring), 35% (spring-summer), 50% (peak summer), 65% 
(summer-autumn), 80% (autumn), and 95% (winter) into the relative season as our key 
spectral-temporal metrics. We also used these synthetic reflectance values to determine 
annual metrics for each time segment, including mean, median, and amplitude, as well as 
the difference between seasons (e.g. per-day change between spring and spring-summer).  
 
2.2.4 Semi-supervised Classification 
 The extent of our region and uniqueness of Arctic and Boreal land cover types 
(e.g., dwarf shrubs, tundra, or forested permafrost peat plateaus) made it difficult to 
decide a priori what Boreal and Arctic classes can be mapped with high accuracy from 
Landsat imagery. Further, the generation of high-quality training sites appropriate for a 
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large, heterogeneous region is labor intensive, making it desirable to rapidly produce 
training sites with a more automated, data-driven approach. To overcome these 
challenges, we performed an unsupervised clustering on the spectral reflectance and 
seasonal features from a sample of Landsat pixels (n = 19,682) training sites to identify 
spectrally-distinct statistical clusters and characterized those with visual interpretation of 
a select number of high-resolution images.  The training sites were selected based on 
existing field photography and samples from existing static land cover datasets and were 
paired with extensive high-resolution imagery (see below). To perform the clustering, we 
utilized the R (Team and others, 2013) package treeClust to calculate a dissimilarity 
matrix between all point-wise pairs of samples based on their spectral and spatial features 
described above (Buttrey, 2016). A tree-based clustering method was used because it 
captures differences arising from non-linear relationships, benefits from automatic 
variable selection, and efficiently handles combinations of continuous and categorical 
data.  We then used the Partitioning Around Medoids (PAM) clustering algorithm from 
the R package cluster (Maechler et al., 2017), applied to the site-by-site dissimilarity 
matrix estimated using treeClust, to identify a set of distinct clusters (k = 55) that capture 
the set of sub-classes with unique spectral-temporal, climatological, and topographical 
properties that are evident in the dataset (Kaufman and Rousseeuw, 1990). We chose 55 
clusters with the expectation that the same land cover class should occur in several 
separate, smaller clusters that are specific to geographic regions, and that these clusters 
representing sub-classes would be aggregated into more general land cover classes in the 
final land cover legend. We based this framework on the land cover types included in the 
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Earth Observation for Sustainable Development (EOSD) land cover map of Canada for 
the year 2000, and hypothesized that 18 classes (taken from EOSD’s legend, excluding 
No Data, Cloud, Shadow, and Ice classes and combining the Rock and Exposed Land 
classes as a more generic “Barren” class) would be uniquely represented in each of three 
major ecoregions (tundra, taiga, and northern Boreal forests), yielding a total of k = 54 
clusters to represent land cover across the ABoVE Core Study Domain. We added one 
additional cluster to represent shoreline and shallow water (shallows), which is not 
included in the EOSD legend but was evident in the field photos of the Old Crow Flats.  
We trained a supervised Random Forest model to predict the statistical clusters 
identified from the treeClust / PAM algorithms using the same sample of Landsat pixels 
and spectral-seasonal features used in the clustering (Breiman, 2001). These predicted 
clusters represent the unique classes across the ABoVE Core Study Domain that would 
be later aggregated to the broader land cover classes. Relying on the statistical clusters, 
rather than direct land cover prediction, allowed us to more accurately predict land cover 
based on region-specific spectral signatures across the large area of the ABoVE Core 
Study Domain and to let the data drive the precise definitions of our training data. We 
used the implementation of Random Forest from the package Ranger, which is a fast 
implementation of Random Forest for high dimensional data (Wright and Ziegler, 2017). 
Random Forest is an ensemble supervised algorithm that has been used extensively in 
remote sensing and land cover applications (Breiman, 2001; Gislason et al., 2006). 
Similar to our clustering algorithm treeClust, this algorithm allows for non-linear 
relationships among response and predictor variables, handles high-dimensional and 
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correlated predictors, and is robust to noise and outliers. Our Random Forest model 
mapped clusters that were then assigned land cover labels and aggregated to ten land 
cover classes on the basis of visual interpretation of high-resolution imagery (Table 2.1).  
 
2.2.5 High Resolution Imagery and Training Sites 
 Considerable high-resolution imagery and field photographs were utilized to 
assign land cover classes to statistical samples. We generated training sites by sampling 
from the ABoVE Core Study Domain via stratified random sampling from existing 30 m 
land cover maps for Alaska (Jin et al., 2017) and Canada (Wulder et al., 2008) circa 2000, 
ensuring coverage across a range of climatic conditions, spectral feature space, and 
ecosystem types (n = 15,628 sites). We opportunistically augmented these sites with 
additional sites based on geolocated oblique aerial and ground-based photographs. These 
photographic data sets include publicly available photos from the EarthScope earthquake 
sensor network (n = 135) from across Alaska and the Yukon (Meltzer, 2003), photos 
taken during a field campaign in July 2017 in the Northwest Territories (n = 63), and 
oblique aerial photos taken in the Old Crow Flats, a wetland complex in the Yukon, in 
2008 and 2009 (n = 1,355). We also included training sites from a stratified random 
sample extracted from existing very high-resolution land cover maps (0.2 – 10 m 
resolution), which provided high-quality training samples for wetland classes (Chasmer 
et al., 2014) and tundra-specific herbaceous and shrub classes (Greaves, 2017). In total, 
the training data set included 15,628 sampled from the Canadian and Alaskan land cover 
datasets (Jin et al., 2017; Wulder et al., 2008), 1,531 sites from Chasmer et al.’s 10 m 
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Scotty Creek land cover map (Chasmer et al., 2014), 970 sites from Greaves et al.’s 0.20 
m Toolik Lake tundra vegetation map (Greaves, 2017), and 1,553 sites from field 
photographs for a total of 19,682 training sites. For some of these sites (n = 10,136), we 
visually interpreted high resolution (<4 m resolution) images based on available satellite 
imagery (copyright DigitalGlobe) derived from the satellites IKONOS, Geo-Eye, 
QuickBird, Worldview-2, and Worldview-3 and, when available, geotagged field 
photographs. Our visual interpretations provide the basis for characterizing statistical 
clusters and assigning land cover labels to mapped statistical clusters. For each site, there 
were between 1 and 24 high-resolution images across multiple seasons and years. 
 
2.2.6 Post-processing 
To create the final annual land cover maps, we performed several post-processing 
steps to correct artifacts in the data. First, within each pixel, consecutive time segments 
with the same land cover were merged into single time segments to eliminate spurious 
land cover class transitions. Second, to reduce the incidence of spurious land cover 
changes due to short-term climate variability or noise, sequences of short time segments 
that repeatedly changed between two classes were all assigned to a single class 
corresponding to the initial land cover class at the pixel.  For example, a time segment 
series that had the sequence of land cover [ Forest, Fen, Forest, Fen, Forest ] was 
assumed to be changing due to sensor noise, was redefined as a series of a single time 
segment, [ Forest ], and was not considered a pixel of land cover change. Third, because 
topographic shadows were widely confused with water bodies, particularly in forested 
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mountain areas with substantial topography, we attempted to detect and correct shadowed 
land spuriously classified as water. To do this, we compared our mapped land cover 
predictions with topographic slope and an existing global 30 m surface water map (Pekel 
et al., 2016), which uses Landsat to quantify the seasonality and extent of surface water 
across the globe. If a pixel had non-zero slope and was classified as water or shallows, 
but Pekel et al. predicted the pixel to have no surface water, we assigned the pixel to the 
second most-likely class (i.e., after the water classes) based on class-conditional 
likelihoods generated by the Random Forest model for each time segment at each pixel. 
 
2.2.7 Land Cover and Land Cover Change  
Based on the procedures described above, we originally mapped fifteen classes 
(Appendix Table A.2.1). For the purposes of change analysis, however, we simplified the 
land cover legend to reduce the number of change trajectories we would estimate. The 
simplified legend was created by aggregating similar classes in the full land cover legend 
(e.g. Woodlands and Evergreen Forests were combined into Evergreen Forests). The 
maps we publish on the Oak Ridge National Laboratory Distributed Active Archive 
Center (ORNL DAAC; https://doi.org/10.3334/ORNLDAAC/1691) include these more 
detailed and more numerous classes, as well as the simplified land cover legend used 
here.  
Using the annual maps of land cover, we assigned a stable land cover class or a 
1984-2014 land cover change class to each pixel in the domain. Rather than exhaustively 
mapping every possible combination of paired land cover transitions, we focused on 
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specific land cover change trajectories related to our primary science questions (e.g. 
forest dynamics and Arctic shrub expansion). Because reference data collection for 
accuracy assessment and area estimation is resource intensive and scales with the number 
of change classes estimated, we limited our mapped land cover change classes to 
facilitate sampling, area estimation, and production of reference data over the domain 
(Olofsson et al., 2014). We mapped seven change classes that characterize land cover 
change trajectories between 1984 and 2014: Evergreen Forest Loss, Shrub Loss, 
Deciduous Forest Gain, Evergreen Forest Gain, Herbaceous Gain, Shrub Gain, and Other 
Change, which includes all changes not described by the previous six class changes 
(Table 2.1; Appendix Table A.3.1).  We specifically defined the beginning and end points 
of each of these change classes to prevent clashes between definitions (e.g. Evergreen 
Forest becoming Shrub is Evergreen Forest Loss and not Shrub Gain). We limited the 
change analysis to the end points of the Landsat time series to maximize detection of 
relatively slow land cover change processes (e.g. shrub encroachment) and because a 
dearth of observations in Alaska in the 1990s prevented precise detection of disturbance 
at less than multidecadal scale. Because our analysis is agnostic to disturbance type (e.g., 
fire or permafrost degradation), we estimate changes in plant functional type stemming 
from all possible causes.  
We did not analyze classes with negligible mapped areas of change, defined here 
as those mapped over less than 1 % of the study domain. These include Herbaceous Loss 
and Deciduous Forest Loss. The estimated area of change associated with each of these 
transitions were generally not different from zero, and thus were not estimated explicitly, 
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but grouped together into the Other Change class. The combined Other Change stratum 
accounted for 1.7 % of the study domain. We did not estimate changes in water/wetland 
areas explicitly, and changes in wetland and water extent are included in the combined 
Other Change class. To avoid double counting areas of conflicting transitions (e.g. an 
area of forest loss could also be defined as herbaceous gain), we devised a specific set of 
transitions that do not allow for clashes (Appendix Table A.3.1). This ensures that each 
pixel in the net change (1984-2014) map is only classified once, allowing us to design our 
stratified random sample for accuracy assessment and area estimation. 
 
2.2.8 Accuracy Assessment and Area Estimation 
We performed an accuracy assessment of the land cover and land cover change 
maps to correct bias in mapped areas that is introduced by classification errors (Olofsson 
et al., 2011; Stehman, 2000). Our accuracy assessment used a design-based sample for 
area estimation that includes estimation of variance and confidence intervals and was 
conducted by: (1) drawing a stratified random sample of points from the mapped areas of 
change; and (2) developing a reference data set at each of these points by visual 
interpretation of additional samples of high-resolution imagery and time series of Landsat 
data.  
Following the methodology recommended by Olofsson et al. (2014), we use a 
stratified design and estimation approach, with stratified random sampling used to target 
sampling of areas of specific land cover change trajectories (Cochran, 1977; Olofsson et 
al., 2013). We draw a probability sample (n = 1,299) from the 1984 – 2014 change maps 
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by stratifying along the ten stable and seven change classes (total 17) in order to generate 
a reference data set and characterize accuracy (Table 2.1). Our reference sample was 
designed to provide high precision in estimated evergreen forest loss and targeted a 
standard error of 2.5% (equivalent to 6,071 km2 or an 95% confidence interval of ± 
12,142 km2) (Cochran, 1977). To generate our reference validation dataset, we analyzed 
the 1,299 sites using additional high-resolution imagery from Digital Globe in 
combination with time series of Landsat data to catalogue land cover from 1984 to 2014 
for each 30 m Landsat pixel assessment unit. To do this, we visually estimated break 
points from time series of Landsat surface reflectance and interpreted Digital Globe 
imagery and Landsat imagery to determine land cover between identified break points. 
Our reference dataset thus includes a land cover label for every year between 1984 and 
2014 at each reference site, which we use to estimate per-year areas of individual land 
cover. We used the reference sample to generate unbiased estimates of areas of land 
cover and land cover change, as well as unbiased variance estimators.  
 
2.3 Results 
2.3.1 Accuracy Assessment 
Based on our accuracy assessment, our era-wide (1984-2014) map of land cover 
and land cover change had an accuracy of 76.1 % (Table 2.2), and our annual land cover 
maps have an overall accuracy of 84.1 ± 4.1 % (mean and 95 % confidence interval over 
31 years). After aggregating all change classes and comparing them to the aggregated 
stable classes, we estimated land cover change over 1984-2014, more generally, with an 
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accuracy of 86.6%. There was considerable variability in the accuracy of various classes, 
with the most common confusion occurring between stable Shrub and Shrub Loss (21 
cases) as well as stable Deciduous Forest and Deciduous Forest Gain (12 cases). There 
was also considerable confusion between the Other Change class and many other classes, 
particularly the stable Shrub and Fen classes. Based on our accuracy assessment, the 
mapped areas of Bog, Shallows/littoral, and most change classes (except Evergreen 
Forest Loss) were considerably biased low (between -15.5 and -66.8%), while stable 
Deciduous Forest, Herbaceous, Sparse, and Shrub classes mapped areas were moderately 
biased high (between +1.5 and +157%)  relative to the estimated areas (Appendix Table 
A.3.2). These biases were corrected and uncertainty was estimated for the final estimates 
of land cover change. 
 
2.3.2 Overall Land Cover Change 
Our results reveal widespread and systematic changes in the distribution of land 
cover of the ABoVE Core Study Domain (Figure 2.3).  A total of 0.647 ± 0.061 x 106 
km2, equivalent to 13.6 ± 1.3 % of the study domain, experienced a transition in 
dominant plant functional type between 1984 and 2014. We did not identify significant 
trends in the overall rate of change as a function of time over the course of the 31-year 
time series (results not shown), likely resulting from the high interannual variability in 
burned area per year over the 31-year timespan of our study.   
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2.3.3 Boral Forest Dynamics 
In absolute area, Evergreen Forest cover experienced substantial losses while 
Deciduous Forest cover experienced more moderate gains. On a relative basis, both 
Evergreen Forest net losses and Deciduous Forest gains were substantial. Evergreen 
Forest Loss occurred in 259,949 ± 34,996 km2 (-19.6 ± 2.6 %, relative to 1984 Evergreen 
Forest area) and Evergreen Forest Gain occurred over 63,975 ± 18,688 km2 (+4.8 ± 1.4 
%), resulting in a net loss of Evergreen Forest of 195,974 ± 39,673 km2 (-14.8 ± 3.0 %) 
(Figure 2.4).  Concurrently, Deciduous Forest cover expanded by 50,244 ± 17,467 km2 
(+15.4 ± 5.2 %), primarily in the southern portion of the Boreal biome. Evergreen Forest 
Loss significantly outpaced Evergreen Forest Gain, while Deciduous Forests expanded 
alongside negligible Deciduous Forest Loss, suggesting a broad shift from evergreen 
dominated forests to increased deciduous forest cover.  The majority of Evergreen Forest 
Loss occurred in highly localized patches, primarily related to the occurrence of fires 
within the study domain throughout the Boreal forest (Appendix Figure A.4.1). The 
occurrence of Evergreen Forest Gain and Deciduous Forest Gain were less concentrated 
into small patches. The type of forest gain varied considerably by latitude, with 
Evergreen Forest Gain occurring more commonly further north, with Deciduous Forest 
Gain occurring primarily in the southern portion of the domain. 
We found that the areas of different forest types changed monotonically, with 
Evergreen Forest steadily decreasing and Deciduous Forest steadily increasing over the 
31-year timespan (Figure 2.5). The changes in Evergreen Forest area were driven mostly 
by losses, which showed some interannual variability due to stochasticity in burned area. 
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Meanwhile, the Deciduous Forest areas were more moderate and steadier in their increase 
over time.  
To better understand the drivers of forest changes across the ABoVE Core Study 
Domain, we compared our land cover change data with historical fire perimeters from the 
Alaskan Large Fire Database (Kasischke et al., 2002) and the Canadian National Fire 
Database (Stocks et al., 2002).  Fire-related losses accounted for the majority (165,078 
km2; 63.5 %) of Evergreen Forest Loss area in the study domain, while pre-1984 fires 
were associated with substantial portions of both Evergreen Forest Gain (41,949 km2; 
65.5 %) and Deciduous Forest Gain (17,906 km2; 35.4 %) (Table 2.3).  Successive fire 
events occurring over multiple decades create heterogeneous landscapes where landscape 
composition at any disturbed location is largely explained by the time since the last fire, 
and where high-resolution imagery is required to characterize land cover and detect land 
cover changes.  Figure 2.6, for example, shows a 42,077 km2 region in British Columbia 
where known fires accounted for 78.7% of all forest cover changes, including 1,664 km2 
of Evergreen Forest Loss, 1,150 km2 of Deciduous Forest Gain, and 1,551 km2 of 
Evergreen Forest Gain. All recent burned areas resulted in Evergreen Forest Loss, but the 
longer-term post-fire regrowth varied as either Evergreen Forest Gain or Deciduous 
Forest Gain. This fire-dominated landscape is representative of much of the ABoVE Core 
Study Domain, and the changes we map suggest that large-scale shifts in forest types, 
from Evergreen Forest to Deciduous Forest, are broadly occurring throughout the 
ABoVE Core Study Domain in response to the cumulative impact of repeated fire events. 
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Timber harvest in the study region accounted for relatively small areas of forest 
cover changes, including 18,053 km2 (6.9%) of Evergreen Forest Loss and 640 km2 (1%) 
of Evergreen Forest Gain (Table 2.3). While harvest only occurred in 0.57% of the study 
domain, it was associated with a significant portion (7,117 km2, or 14.1 %) of growth of 
Deciduous Forest, suggesting a significant role of harvest in forest successional 
processes. We attribute the remaining 76,818 km2 (29.6 %) of Evergreen Forest Loss to a 
combination of other forest loss processes, including insect infestations (Volney and 
Fleming, 2000), permafrost thaw-induced forest mortality (Carpino et al., 2018; Helbig et 
al., 2016), and resource exploration (Williams et al., 2013).  Conversely, we attribute 
21,416 km2 (33.5 %) of Evergreen Forest Gain and 25,548 km2 (50.5 %) of Deciduous 
Forest Gain to tree line expansion and regrowth following unrecorded fires. Studies 
focused on more granular mapping of disturbance types are required to better understand 
these land cover shifts. 
 
2.3.4 Arctic Shrub Expansion 
In contrast to the changes we document in the Boreal biome, Arctic areas above 
the tree-line experienced gradual, but widespread, encroachment of short herbaceous and 
woody vegetation into areas previously occupied by Barren and Sparse Vegetation land 
(Figure 2.3). Shrub Gain (75,843 ± 20,860 km2, or +13.3 ± 3.6 % of 1984 shrub cover) 
substantially exceeded Shrub Loss (42,154 ± 21,051 km2; -7.4 ± 3.7 %) (Figure 2.4).  
Herbaceous Loss was negligible, but Herbaceous Gain (104,871 ± 31,699 km2; +18.4 ± 
5.6 %) was sizeable in both the Canadian high tundra (particularly on Banks and Victoria 
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Islands) and in agricultural areas of Alberta (Appendix Figure 3.2). Net combined Shrub 
and Herbaceous Gain, most of which occurred in the Arctic biome replacing Barren or 
Sparse Vegetation areas, totaled 138,560 ± 37,947 km2 (+7.3 ± 2.0 %) (Figure 2.4).  A 
notable portion of Shrub Gain (27,057 km2, or 25.8 %) occurred in areas of fire (Table 
2.2), which likely represent areas that were burned before the start of the time series but 
grew slowly enough that they did not transition to forests by the end of the time series.  
Growth of new shrubs is outpacing loss of shrubs (e.g., due to permafrost degradation), 
and herbaceous vegetation is expanding into previously barren land areas in response to 
climate warming. 
Slow growth rates and spatial heterogeneity in tundra landscapes make changes in 
shrub cover challenging to detect from satellite imagery (Bartsch et al., 2016). However, 
mapped shrub expansion is borne out by in situ observations. For example, Figure 2.7 
shows land cover changes that we map on Qikiqtaruk-Herschel Island, Yukon Territory, a 
small (136 km2) tundra island off the northern coast of Canada, along with photos 
collected across a 27-year timespan (1987-2014) on the island (Myers-Smith et al., 2019).  
The photos confirm pronounced increases in shrub cover and height in locations that 
were previously dominated by herbaceous vegetation (Myers-Smith et al., 2019). 
Qikiqtaruk-Herschel Island experienced an increase in Shrub cover of 9.67 km2 (+59.5% 
relative to 1984) and reductions in Sparse Vegetation and Barren land of 4.69 km2 (-
36.6% relative to 1984). These changes coincide with a 2.5 - 4º C increase in air 
temperature, earlier snowmelt, and decreased frost frequency over the island (Myers-
Smith, In Press), suggesting that climate warming is the key driver behind shrub 
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expansion. More generally, our findings of increased vegetation cover and reduced bare 
ground cover (Figure 2.5) are consistent with field-based studies across the Arctic 
(Elmendorf et al., 2012; Myers-Smith et al., 2019). However, repeat photography of 
Arctic vegetation is difficult to obtain, so considerable uncertainty remains in Arctic 
shrub expansion rates. 
Additional notable changes in land cover include a reduction in Sparse Vegetation 
area (by 64,824 ± 64,489 km2; -13.2 ± 13.1 %) in mountain and Arctic regions, and 
expansion in the area covered by Fen, Bog, and Shallows wetland ecosystems (by 18,768 
± 52,188 km2; +10.2 ± 28.5 %) throughout the taiga. However, the area of change 
associated with each of these land cover types is highly uncertain, and additional work is 
required to more fully and accurately characterize these changes and their drivers.  
 
2.4 Discussion  
2.4.1 Overall Land Cover Change 
The shifts in forest type and changes in forest and shrub coverage we report for 
the ABoVE Core Study Domain are broadly consistent with those expected from climate 
change and attendant changes in disturbance regimes. In particular, our findings of a net 
loss in conifer forest are consistent with a shift toward a more active fire regime in Boreal 
forests relative to the last several millennia, which would tip the overall balance of 
evergreen forest loss and post-fire regrowth out of steady state (Kelly et al., 2013), and 
our findings of Arctic shrub expansion are consistent with numerous field studies 
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reporting the proliferation of woody shrubs in the Arctic tundra (Elmendorf et al., 2012; 
Myers-Smith et al., 2011) .  
The estimation efforts in this study focused on a few specific land cover change 
types, since a comprehensive effort to map each potential transition would have been 
infeasible given our resources. Thus, we focused our change analysis on just a few key 
changes that were focused on our scientific questions and were occurring frequently 
enough at 30 m resolution scale to be detectable and estimated. While our analysis was 
agnostic to the specific driver of land cover change, the fact that it was defined only in 
terms of net land cover change means that our map effectively captures, without 
attribution, all potential change drivers. This includes rarer and less studied changes, such 
as the loss of forests due to permafrost degradation in the Taiga Plains (Carpino et al., 
2018), insect infestation, or shifts in surface water coverage. We do not limit our analysis 
to just the most extensive change processes (e.g. fires), and instead attempt to capture 
changes that occur at different rates in different ecoregions and quantify the relative 
impacts of drivers for which sufficient data exist. There currently is a lack of mapped 
information on the rate and extent of other drivers of forest loss, though some smaller 
scale studies suggest some non-fire effects are similar in magnitude to fires, such as 
permafrost degradation (Helbig et al., 2016).   
 
2.4.2 Changes in Forest Cover 
Fires usually change the underlying land cover of the burned area by eliminating 
the vegetation in the area, with post-fire recovery being a relatively stochastic process. In 
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some places, over the course of several decades, Boreal forests regenerate after a fire, 
with significant impacts on ecosystem productivity and land surface characteristics while 
it returns to its pre-disturbed state (Bolton et al., 2017). One might expect that over a 
large enough area and period that the loss of forest cover in one area would be 
compensated by the regrowth from older disturbances in other areas. The results from this 
study suggest that land cover dynamics in Arctic and Boreal biomes of northwestern 
North America are not in steady state, ostensibly as a result of changing disturbance 
regimes and climate, resulting in systemic shifts in plant functional type composition. We 
find that the time between a stand replacing fire and regrowth of forest is generally 
between 40 and 50 years, but the incidence of deciduous forest gain primarily occurs in 
the south (Figure 2.8). The northern fires result primarily in forest recovery as Evergreen 
Forest, and southern fires were split between returning as Deciduous Forest or as 
Evergreen Forest.  
While harvest was not a dominant factor in our study region (0.58 %), we found a 
fair amount of Deciduous Forest Gain (14 %) occur in areas that were harvested (Table 
2.2). Most forest harvest occurs in evergreen forests; this suggests timber harvest has the 
potential to shift Boreal forest demography towards deciduous forests. Harvesting 
typically occurred in the southern part of the domain; similarly, post-fire deciduous forest 
gains occurred in the southern portion of the domain (Figures 2.4 and 2.8). As the 
southern portion of the domain is generally warmer, this suggests a climate-driven 
backdrop towards successional trajectories, triggered by disturbances, towards Deciduous 
Forest rather than Evergreen Forest. However, determining the factor that drives this 
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variability in phenological type in forest regrowth will require a more systematic and 
extensive analysis of other fire characteristics that may drive successional trajectories, 
such as fire severity (Johnstone et al., 2010). 
 
2.4.3 Boreal Expansion of Shrubs and Herbs 
The Shrub and Herbaceous Gain change classes are meant specifically to capture 
the increase of shrubs, herbaceous, and sparsely vegetated land from previously less-
vegetated land (e.g. non-forest turns to shrub or barren turns to sparse vegetation). 
Broadly, we see that the majority of the shrub and herb gain classes are occurring in the 
northern tundra, where there are plot-based reports of shrub encroachment and greening 
trends. However, noticeable amounts of these new growth changes do occur in the 
southern part of the domain. Boreal Shrub Gain likely represent partial time series of 
forest loss and regrowth (i.e. a forest disturbance occurs before 1984 and we capture a 
portion of the regrowth). A longer time series might reveal these areas to be transitioning 
to forest and would be mapped as forest regrowth, in reality, rather than the increase of 
shrub cover analogous to tundra shrub encroachment.  Southern herbaceous gain is likely 
a result of the extensive agriculture that occurs in Alberta and British Columbia. Areas 
that lie fallow in the beginning of the time series are initially mapped as Sparse 
Vegetation or Barren, and will be mapped as Herbaceous gain if they become planted 
later. The influence of agriculture should not be interpreted as a long-term conversion 
towards additional herbaceous land, as agricultural practices typically involve cycling 
between fallow and planted seasons and does not represent a similar ecological shift as 
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vegetation expansion in the Arctic. Agriculture does not comprise a substantial portion of 
our study domain, so specific measures were not made to correct for this. Due to the mid-
successional shrub growth and the artifacts in agricultural herbaceous expansion, our 
mapping estimates for these processes should be considered an upper bound. 
 
2.4.4 Potential Impacts on Biogeochemistry and Land Surface Characteristics 
These land transformations, especially the transition between forest types, have 
important implications for key land surface properties such as albedo and for coupled 
ecosystem-atmosphere interactions related to carbon, energy, and water exchange at high 
latitudes (Augusto et al., 2015). For example, younger, deciduous forests are considerably 
more productive and more seasonal than evergreen forests (Goulden et al., 2011; 
Randerson et al., 2006; Zimov et al., 1999) and the transition from Evergreen Forests to 
Deciduous Forests in Boreal ecosystems, as well as the increased Shrub and Herbaceous 
cover in both Boreal and Arctic biomes (Figure 2.4), is consistent with increased 
seasonality in net ecosystem production (Graven et al., 2013; Zhang et al., 2013). 
Similarly, expansion of shrubs in the Arctic has the potential to alter climate-ecosystem 
interactions by increasing ecosystem productivity and reinforcing warming by via 
positive feedbacks from changes in albedo and snowpack (Zhang et al., 2013).  
A shift towards deciduous forest cover relative to evergreen forest cover in the 
Boreal forest translates to a substantial increase in average summer carbon uptake; hence, 
the results here suggest a substantial increase in the seasonality and magnitude of carbon 
exchange in the Boreal forests. Similarly, transitions from Herbaceous tundra to Shrub 
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tundra suggest a substantial increase of mean summer carbon uptake. Interactions with 
climate (e.g. via environmental stressors like drought) further complicate this 
relationship.  
Similarly, seasonal albedo values are likely to vary considerably as a result of 
these land cover changes. Deciduous Forests have higher albedo values than Evergreen 
Forests across both winter and summer, while Shrub tundra have lower albedo than 
Herbaceous, Sparse Vegetation, and Barren tundra (Table 1.1). Changes in Arctic albedo 
have the potential to considerably increase global temperatures more than increased CO2 
concentrations would (Chapin et al., 2005). While the increased shrub cover would 
decrease albedo in both summer and winter in the tundra, the increased Deciduous Forest 
would substantially increase albedo in both summer and winter in the Boreal biome, 
resulting in opposite biophysical climate forcing effects. These changes in albedo 
influence the nature of net climate forcing caused by land cover changes in the ABR.  
 
2.5 Conclusions 
Our results provide a comprehensive characterization of systematic and 
widespread transitions in plant functional types across a large area of northwestern North 
America that were not previously documented because land cover dynamics in the ABR 
region vary over relatively short spatial scales, and so were not detectable from coarse 
spatial resolution imagery used in previous studies (Song et al., 2018).  Shifts in Boreal 
forest types and Arctic shrub extent are extensive and have significant potential impacts 
on global carbon-climate feedbacks. The results presented here fill a critical gap in 
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understanding the shifting character of northern ecosystems in light of rapid climate 
change and disturbances and provide a substantial improvement in our ability to model 
and understand land surface changes across this climate-sensitive region. 
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Table 2.1 | Description of the major land cover and land cover change strata 
mapped over the ABoVE Core Study Domain. Included are the areas for each stratum 
(Wi, in % of ABoVE Core Study Domain) and sample allocation (ni) used for stratified 
random sampling for area estimation. Non-italics indicate stable land cover classes, while 
italics indicate land cover change classes (separated by horizontal line). 
Stratum Description Wi (%) ni 
Evergreen Forest Forests dominated (>50 %) by evergreen conifer trees 24.9 233 
Deciduous Forest Forests dominated (>50 %) by deciduous broadleaf 
trees 
5.4 102 
Shrub land  Areas dominated (>50 %) by shrubs of any stature 
(short or tall) and of any phenological habit 
8.6 140 
Herbaceous Areas dominated (>50 %) by herbaceous vegetation 8.8 81 
Sparse Vegetation Areas with 20 – 50 % coverage of any vegetation, 
primarily underlain by rock 
13.5 83 
Barren Areas with less than 20 % of any vegetation, primarily 
rock or exposed land 
9.7 73 
Fen Hydrologically-connected, sedge-dominated wetlands 2.3 62 
Bogs Ombrotrophic, shrub- and Shagnum moss-dominated 
wetlands 
0.2 50 
Shallows/littoral Shallow lakes, wetlands with unclear dominant 
vegetation, or mixed water/land shoreline 
0.6 44 
Water Lakes, rivers, oceans, and other open bodies of water 8.8 83 
Everg Forest Loss Areas changing from Everg.Forest to Shrub, Herb., 
Sparse Veg., Barren, Fen, Bog, Shallows, or Water  
5.0 66 
Shrub Loss Areas changing from Shrub to Herb., Sparse Veg., 
Barren, Fen, Bog, Shallows, or Water  
1.6 58 
Decid Forest Gain Areas changing from Everg. Forest, Shrub, Herb., 
Sparse Veg., Barren, Fen, or Bog to Decid. Forest 
1.4 44 
Everg Forest Gain Areas changing from Deciduous Forest, Shrub, Herb., 
Sparse Veg., Barren, Fen, or Bog to Everg. Forest 
2.6 40 
Herbaceous Gain Areas changing from Barren land to Sparse Veg. or 
Herb., or areas changing from Sparse Veg. to Herb. 
2.2 39 
Shrub Gain Areas transitioning from Herb., Sparse Veg., or 
Barren land to Shrub 
2.6 49 
Other Change All other transitions not captured above 1.9 52 
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Table 2.2 | Accuracy Assessment results indicating classification and reference data for the changes in mapped areas 
spanning 1984-2014. Due to space constraints, Evergreen Forest is abbreviated as EF, Deciduous Forest as DF, Shrub as SH, 
Herbaceous as Herb, Shallows as Shall., and Other as Oth. Reference data indicated in columns and mapped classification data 
indicated in rows, total n = 1299. Producer’s accuracies (Prod. Acc) indicate the rate of errors of omission, while user’s 
accuracies (User Acc) indicate the rate of errors of commission, in units of %. Overall accuracy: 76.1% (sum of the diagonal 
divided by the total sample); Accuracy of annual land cover maps: 84.1 ± 4.1%, estimated from the set of accuracies across all 
mapped years (1984-2014, n = 31). 
 
 EF DF SH Herb Sparse Bare Fen Bog Shall. Water EF 
Loss 
SH 
Loss 
DF 
Gain 
EF 
Gain 
Herb 
Gain 
SH 
Gain 
Oth. 
EF 199 5 10 0 0 1 3 3 1 1 8 0 1 0 0 0 1 
DF 2 95 4 0 0 0 0 0 0 0 0 0 1 0 0 0 0 
SH 7 9 109 8 0 0 2 0 0 0 0 4 0 1 0 0 0 
Herb 0 0 1 76 2 0 0 0 0 2 0 0 0 0 0 0 0 
Sparse 1 0 3 4 69 1 0 0 0 0 0 1 0 0 3 0 1 
Bare 0 0 0 0 5 64 1 0 1 2 0 0 0 0 0 0 0 
Fen 3 5 5 0 0 0 45 1 1 0 1 0 1 0 0 0 0 
Bog 5 0 0 0 0 0 2 43 0 0 0 0 0 0 0 0 0 
Shall. 2 0 0 3 2 0 1 0 33 2 1 0 0 0 0 0 0 
Water 1 0 0 0 0 0 0 0 7 75 0 0 0 0 0 0 0 
EF Loss 2 0 1 0 0 0 2 0 1 0 57 0 1 0 0 2 0 
Shrub Loss 1 1 21 7 3 0 7 0 0 0 0 16 0 1 1 0 0 
DF Gain 2 12 2 0 0 0 3 0 1 0 1 0 22 1 0 0 0 
EF Gain 3 2 5 0 1 0 5 0 3 0 0 0 0 21 0 0 0 
Herb Gain 0 0 0 6 4 1 0 0 0 0 1 0 0 0 26 0 1 
Shr Gain 0 0 5 8 1 0 6 0 0 0 0 0 0 0 2 26 1 
Other 0 4 8 2 6 0 9 1 2 2 1 1 1 0 1 1 13 
Prod. Acc 87.3 71.4 62.6 66.7 74.2 95.5 52.3 89.6 66 89.3 81.4 72.7 81.5 87.5 78.8 89.7 76.5 
User Acc 85.4 93.1 77.9 93.8 83.1 87.7 72.6 86 75 90.4 86.4 27.6 50 52.5 66.7 53.1 25 
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Table 2.3 | Distribution of land cover changes occurring in areas associated with 
fires and with harvesting. Proportions indicate the proportion of domain-wide area of 
land cover change class that occurs within fire or harvest areas (i.e. 63.5% of all 
Evergreen Forest Loss occurred in fire perimeters). Mapped fired areas are derived from 
the Alaskan Large Fire Database and the Canadian Fire Database. Mapped harvested 
areas are derived from time series of Landsat data across Canada. There was negligible 
timber harvest occurring in the Alaskan portion of our study domain (Smith, 2002). 
 
Land Cover 
Change 
Mapped Area in 
Fires (km2) 
% in Fire Area 
Harvested 
Area (km2) 
% in Harvest 
Area 
Everg. Forest Loss 165,078 63.5 18,053 6.9 
Shrub Loss 16,505 39.2 406 < 1 
Decid. Forest Gain 17,906 35.4 7,117 14.1 
Everg. Forest Gain 41,919 65.5 640 1.0 
Herbaceous Gain 7,185 6.9 167 < 1 
Shrub Gain 27,057 36.2 575 < 1 
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Figure 2.1 | Example of time series and disturbance detection for one Landsat band 
and one pixel using the Continuous Change Detection and Classification (CCDC) 
algorithm. In this example, surface reflectance for Landsat band 5 (shortwave-infrared) 
is shown; however, CCDC is used on all six surface reflectance bands in Landsat data. 
Top panel: points are time series of observations reflectance, grey lines are fitted 
harmonic models, dashed vertical lines are the approximate timing of breaks in land 
cover, and colored horizontal lines and arrows indicate between-break time segments of 
stable land cover. The occurrence of outlier pixels are likely cloudy pixels that were 
missed by the cloud screening algorithm; however, CCDC detects and removes outliers 
in its model fits. Bottom panel shows characteristic seasonal cycle (as day of year stacked 
across years) of the time segments indicated in the top panel, color coded to match the 
horizontal lines in the top panel. Colored points indicate observations falling within the 
correspondingly colored time segments and lines indicate the harmonic model fit across 
those values, averaged across all years within the time segment.  
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Figure 2.2 | Example of spectral-seasonal features used to distinguish classes. Shown 
is the distribution of seasonal values of the normalized difference vegetation index 
(NDVI) for evergreen forests, deciduous forests, and shrubs from a sample of time 
segments (n = 10,000) across the study domain. Relative values of NDVI are highly 
dependent on season for each land cover class, and these relative differences are used to 
distinguish the land cover classes. For example, shrubs and evergreen forest have similar 
peak summer values, but evergreens have higher winter and shoulder season values of 
NDVI than shrubs do. 
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Figure 2.3 | Domain-wide maps showing land cover and specific land cover change 
classes across the ABoVE Core Study Domain, rescaled to 900 m pixels and showing 
areas with majority coverage of change class a) Spatial distribution of Evergreen 
Forest Loss over 1984-2014 b) Evergreen Forest Gain c) Deciduous Forest Gain d) Shrub 
Gain and Herbaceous Gain. Further maps, including land cover and additional land cover 
change classes, are shown in Appendix Figure A.4.2. Dotted line displays the treeline, 
which serves as our boundary of the tundra.   
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Figure 2.4 | Total estimated areas with confidence intervals of land cover change 
over the ABoVE Core Study Domain. (a) Absolute area (b) and proportional change 
relative to the initial 1984 land areas for each of the seven change classes estimated 
across the entire study domain over 1984-2014.  Relative changes in (b) are specific to 
each land cover change class’s key land cover, e.g. Evergreen Forest Loss area is 
equivalent to approx. 20% of Evergreen Forest area in 1984. Error bars indicate 95% 
confidence intervals based on variances derived from a probabilistic sample (see 
methods). 
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Figure 2.5 | Time series of area land cover change across the ABoVE Core Study 
Domain. Lines indicate estimated area means and ribbons indicate 95% confidence 
intervals over the mean, with variances estimated from a probabilistic sample (see 
methods). Not shown are the time series curves for Fen, Bog, Shallows/littoral, or Water, 
which did not exhibit significant change over time.  
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Figure 2.6 | A detailed example of the control of old and young fires on forest regrowth in British Columbia, Canada. a) 
Land cover in 1984 b) land cover in 2014, following forest growth and loss c) the net change in land cover over these areas and 
d) the perimeters of fires from the Canadian Fire Database in the area with colors indicating time of the fire. The spatial 
patterns of forest loss and growth are highly associated with the occurrence of young and old fires.  
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Figure 2.7 | A detailed example of the impact of climate change on the coverage of shrubs in the high tundra at 
Qikiqtaruk-Herschel Island, Yukon, Canada. a) Land cover in 1984 b) land cover in 2014, following substantial shrub 
growth c) the net change in land cover d) a field photo taken in 1987 showing primarily grass tundra and e) a field photo taken 
in 2014 showing substantial in situ increases in both height and coverage of Salix richardsonii shrubs (Myers-Smith et al., 
2019). Inset shows detailed spatial pattern of shrub cover dynamics for the area surrounding the pair of photographs. 
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Figure 2.8 | The proportion of fire perimeters experiencing forest recovery as a 
function of time between fire and mapped land cover change and geography. ENF 
Gain refers to Evergreen Forest Gain and DBF Gain refers to Deciduous Forest Gain. 
Stable Forest refers to areas of both Evergreen Forest and Deciduous Forest that did not 
experience change. Southern forest fires more frequently result in Deciduous Forest Gain, 
whereas northern fires result in Evergreen Forest Gain. Forests that were stable within 
1984-2014 tended to occur mostly in fire perimeters more than 40 years old. 
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THE INFLUENCE OF DISTURBANCE AND LAND COVER 
CHANGE ON SATELLITE-DERIVED MEASURES OF 
PRODUCTIVITY IN ARCTIC AND BOREAL ECOSYSTEMS 
  
3.1 Introduction 
Climate change is occurring most rapidly in the high northern latitudes, 
particularly in Boreal and Arctic ecosystems where warming is happening at twice the 
rate compared to the rest of the planet (Pithan and Mauritsen, 2014). Concomitant with 
this warming, numerous studies have observed an increase in the seasonal amplitude of 
atmospheric [CO2] (H. Graven et al., 2013; Keeling et al., 1996) and so-called greening 
of land surfaces at mid- and high-latitudes, as observed from time series of satellite 
remote sensing data (Beck and Goetz, 2011; Ju and Masek, 2016; Myneni et al., 1997a). 
Trends in the seasonal amplitude of atmospheric carbon dioxide (CO2) have significant 
implications for global carbon-ecosystem feedbacks since they imply changes in the 
underlying productivity of Northern Hemisphere ecosystems.  However, the mechanisms 
behind enhanced carbon cycling in high northern latitudes are not well understood. 
Modeling and observations studies suggest a suite of potential drivers, including an 
increase in leaf area index (Zhu et al., 2017), CO2 fertilization (Zhu et al., 2016), and land 
use (Gray et al., 2014; Zeng et al., 2014), but precise attribution is still lacking. 
Land cover is a fundamental input for many algorithms and models that are used 
to simulate and understand ecosystem dynamics at high latitudes.  In particular, plant 
functional type provides a first order characterization that is used to parameterize 
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vegetation properties in both remote sensing-based products (e.g., the MODIS LAI, 
FPAR, and GPP products) and ecosystem models that are extensively used to study high 
latitude ecosystems (Luus and Lin, 2015; Myneni et al., 1997a; Zhang et al., 2008; Zhu et 
al., 2017). Arctic-Boreal land cover experiences frequent and extensive changes due to 
anthropogenic and natural processes, so understanding how land cover dynamics interact 
with remotely sensed metrics of ecosystem properties like productivity is essential to 
appropriate interpretation of both model- and remote sensing-based studies of high 
latitude change 
 
3.1.1 Trends in Land Surface Greenness 
Trends in land surface greenness, commonly inferred by statistical analysis of 
satellite-derived spectral vegetation indices such as the normalized difference vegetation 
index (NDVI), are often interpreted to be indicative of changes in vegetation dynamics in 
Arctic and Boreal ecosystems (Myneni et al., 1997a; Pastick et al., 2019). Changes in 
productivity associated with trends in remotely-sensed measurements may help to explain 
observed changes in the seasonality of atmospheric CO2 and have been used to infer the 
presence of significant environmental stressors in Boreal and Arctic ecosystems, such as 
insect infestations and drought (Parent and Verbyla, 2010; Rogers et al., 2018; Verbyla, 
2011; Zhang et al., 2008). However, recent studies have cast doubt on previous 
interpretations of high-latitude NDVI trends.  Specifically, the relatively low radiometric 
quality of NDVI derived from the Advanced Very High Resolution Radiometer 
(AVHRR) (Guay et al., 2014; Ju and Masek, 2016), the dependence of NDVI trends on 
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the timing and severity of fire disturbance (Sulla-Menashe et al., 2018), and confounding 
perturbations in land surface properties such as changes in surface water (Cooley et al., 
2019; Raynolds and Walker, 2016) all impact the potential meaning of a change in 
NDVI.  Further, NDVI, as a proxy for biomass, leaf area index, or productivity, has 
diminished sensitivity to change at high values (Buermann et al., 2002; Carlson and 
Ripley, 1997), which adds significant uncertainty to interpretation of trends (or the lack 
thereof). Hence, it can be difficult to interpret the importance or impact of NDVI trends 
without a complete understanding of the land surface history, particularly in dynamic 
landscapes such as those found in Arctic and Boreal biomes.  
 
3.1.2 Arctic-Boreal Land Cover Change 
Land cover in Arctic and Boreal ecosystems is highly dynamic and results from a 
combination of climate change, fires, permafrost degradation, drought, insect disturbance 
and land use (Helbig et al., 2016; Hogg et al., 2008; Ma et al., 2012; Myers-Smith et al., 
2011; White et al., 2017). However, despite the strong impact of disturbance on the 
biophysical properties of high-latitude land surfaces, most studies analyzing changes in 
biophysical properties such as leaf area index or land surface greenness do not consider 
the role of land cover change, potentially biasing interpretation of apparent trends (Park 
et al., 2016). At global scales, some studies have found land cover change to have a 
relatively small impact on greening trends (Zhu et al., 2016).  However,  the extent and 
magnitude of disturbance in high-latitude biomes is significantly higher than  the global 
average, with frequent and widespread fires exerting first-order control the demography, 
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successional stage, and carbon dynamics of Boreal forests (Bond-Lamberty et al., 2007; 
Kasischke et al., 1995; Soja et al., 2007).  Remote sensing data sources used in many 
previous studies of NDVI trends at high latitude have shown substantial disagreement, 
suggesting substantial uncertainty in the Arctic-Boreal productivity. These differences 
may arise from sensor-specific characteristics, such as poor radiometric quality in 
AVHRR) and relatively coarse resolution from both AVHRR and the Moderate 
Resolution Imaging Spectroradiometer (MODIS) that does not resolve fires, harvests, and 
other sub-pixel disturbances (Alcaraz-Segura et al., 2010; Ju and Masek, 2016; Stow et 
al., 2007).  
Recent work has begun to clarify many of these issues using remotely sensed 
imagery with higher spatial resolution that provide substantially improved thematic detail 
(Bartsch et al., 2016; Greaves, 2017; Treat et al., 2018), and which therefore capture land 
cover dynamics in Arctic and Boreal ecosystems (Hermosilla et al., 2018). Ju and Masek 
(2016) used Landsat imagery to identify NDVI trends resulting from small-scale 
disturbances that were not captured by the widely used GIMMS3g NDVI dataset. In a 
similar study, Sulla-Menashe et al. (2018) showed that the strength and direction of 
NDVI trends over 1984-2011 in Canadian Boreal forests is strongly controlled by the 
timing of disturbance.  Specifically, forest disturbances that occurred later in the NDVI 
time series (i.e. later than 1990) were associated with strong negative trends, and 
disturbances that occurred earlier in the time series (i.e. between 1970 and 1990) were 
associated with positive trends.  Pastick et al. (2019) demonstrated that Alaska is 
experiencing large areas of changes in NDVI and land surface wetness that are related to 
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a variety of land change processes that operate at both large (e.g. 100s of km) and small 
spatial scales (e.g. 10s of m). However, their work does not explicitly account for land 
cover change, and only characterize land change processes within the context of spectral 
indices, which can be hard to interpret without extensive visual interpretation of very 
high-resolution imagery. Land cover change processes require sufficient spatial 
resolution to be resolved and to therefore be characterized with respect to large scale 
ecosystem change.  
Alternatives to NDVI as a proxy for land surface productivity or biomass have 
been an active area of research, resulting in the conception of other spectral indices such 
as the enhanced vegetation index (EVI; Huete et al., 2002) or the photochemical 
reflectance index (PRI; Gamon et al., 1992; Garbulsky et al., 2011) that attempt to 
improve upon or complement the information provided by NDVI. Considerable recent 
research has investigated the measurement and application of sun-induced fluorescence 
(SIF), a remotely-sensed proxy of photosynthesis (Meroni et al., 2009; Sun et al., 2017). 
Because fluorescence is more directly related to photosynthetic rate (Damm et al., 2010), 
does not appear to saturate across a range of land covers (Zhang et al., 2014), and has 
direct physical meaning related to productivity (Krause and Weis, 1991), it may provide a 
suitable next generation over NDVI for the remote sensing of land surface productivity. 
Studies of fluorescence have typically occurred at coarse spatial scales (Guanter et al., 
2014) and focused on the impact of environmental stressors on fluorescence yields 
(Verma et al., 2017). There is still considerable research to be done to confirm that the 
influences of disturbance and successions on productivity, which are well-known from 
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eddy covariance studies (Goulden et al., 2011; Zimov et al., 1999), are captured in 
measurements of fluorescence.  
To address this issue, we explore the role of land cover dynamics in controlling 
land surface greenness, as expressed in remotely sensed NDVI.  Specifically, we explore 
how changes in land cover due to disturbance, climate change, and land use impact 
temporal dynamics and trends in NDVI across multiple decades. We utilize maps of land 
cover produced earlier in this dissertation to characterize continental scale land cover 
change over the period 1984-2014 and compare how areas of land cover change overlap 
with areas of significant trends in NDVI. The results we report here build upon and 
extend previous efforts from the literature, focusing on trends in NDVI in northwestern 
Canada and Alaska and their relationship with land cover and land cover change, as 
derived from Landsat, as well as an exploratory analysis into the relationships of sun-
induced fluorescence, land cover, and time since disturbance. Specifically, we aim to 
answer the following questions: 
1) What proportion of trends in NDVI are related to changes in land cover change? 
2) How does the nature of the land cover and land cover change control the sign and 
magnitude of trends in NDVI? 
3) Can Landsat resolution (30 m) capture landscape-scale dynamics of land cover 
change and NDVI trends?   
4) How does land disturbance history impact our interpretation of trends in 
productivity from NDVI and other remotely sensed proxies (e.g., SIF)? 
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3.2 Methods 
3.2.1 Land Cover and Land Cover Change Maps 
Our analysis relies heavily on two medium spatial resolution datasets that cover 
the ABoVE Core Study Domain: (1) annual land cover and land cover change maps from 
Chapter 1 spanning 1984-2014; and (2) NDVI time series and trends from Ju and Masek 
(2016).  Both data sets are derived from time series of Landsat 5 Thematic Mapper and 
Landsat 7 Enhanced Thematic Mapper imagery, are geometrically registered using the 
same projection and tiling system at 30 meter spatial resolution, and are publicly 
available.   
The land cover and land cover change data set are described in the previous 
chapter, which show that 13.6 ± 2.6% of the Arctic and Boreal Region in northwestern 
North America has experienced land cover change over the last 30 years. This dataset 
was generated using a semi-supervised algorithm that combines unsupervised clustering 
of seasonal-spectral features, visual interpretation of high-resolution imagery, and 
machine learning-based classification. Prior to classification, periods of stable land cover 
and land cover change events were identified at each pixel using the Continuous Change 
Detection and Classification algorithm (Zhu and Woodcock, 2014).  The resulting land 
cover and land cover change data base spans the period from 1984-2014 and provides 
annual maps of both land cover and land cover changes for the ABoVE Core Study 
Domain.  For this work, we used these data to distinguish areas with stable land cover 
from those that experienced land cover change, to characterize the nature of land cover 
change where present, and to compute the time since change prior to each change event.  
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The land cover change dataset provides maps of ten stable land cover types and 
seven modes of land cover change (Table 2.1). Stable land cover classes include 
Evergreen Forests, Deciduous Forests, Shrubs, Herbaceous, Sparse Vegetation, Barren, 
Fens, Bogs, Shallows, and Water. Because they are the primary vegetation types in the 
domain and their relatively large proportional coverage of the domain, we focused on just 
six classes: Evergreen Forests, Deciduous Forests, Shrubs, Herbaceous, Sparse 
Vegetation, and Barren land. Land cover change classes identified transitions between 
specific groups of land cover types between 1984 and 2014.  We considered major six 
change classes: Evergreen Forest Loss, Shrub Loss, Deciduous Forest Gain, Evergreen 
Forest Gain, Herbaceous Gain (from previously Sparse Vegetation or Barren), and Shrub 
Gain (from Herbaceous, Sparse Vegetation, or Barren). These land cover change types 
were selected to identify the most important changes that potentially drive trends in 
productivity (Augusto et al., 2015; Elmendorf et al., 2012; Zhang et al., 2013; Zimov et 
al., 1999), and only included change classes that covered more than 1% of the study 
domain, by area.  
 
3.2.2 Landsat-based Greening and Browning data 
To analyze NDVI trends, we used data created by Ju and Masek (2016), which 
was extracted from time series of Landsat 5 and 7 surface reflectance imagery for the 
period 1984-2012 and spans most of Canada and Alaska. In Ju and Masek’s trend dataset, 
the 1984-2012 NDVI trend at each pixel was calculated by fitting an ordinary least 
squares linear model against the peak summer NDVI values as a function of year. 
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Statistically significant trends (α = 0.05) were included in the analysis. For this work, we 
restricted the NDVI trend data to the ABoVE study domain to match the land cover and 
land cover change data.  The datasets represent slightly different time periods (1984-2014 
for the land cover dataset, 1984-2012 for the NDVI trends dataset), but differences 
arising due to land cover change occurring late in the time series (i.e. occurring in 2013 
or 2014) are assumed to be negligible. Both datasets were projected to the same Albers 
Equal Area projection and tiled according to the system used by the ABoVE project.  
The study domain excludes areas that are mapped as water. Furthermore, the 
extent of Ju and Masek’s NDVI trend dataset does not fully overlap the ABoVE domain. 
The total studied area, after excluding water and non-mapped areas from the NDVI trend 
dataset, covered 3.86 x 106 km2.  
 
3.2.3 Disturbance Drivers 
 To support our analysis of how disturbance type influence trends in NDVI, we 
used several existing datasets that catalogue the occurrence of fires and harvesting 
throughout the study domain.  To characterize fire disturbance, we combined the Alaskan 
Large Fire Database (Kasischke, Williams, & Barry, 2002) and the Canadian Fire 
Database (Stocks et al., 2002) to produce a unified database of fire perimeters for the 
ABoVE Core Study Domain that spans the period from 1917-2012. In additional, we 
used Landsat-derived datasets for the timing and location of timber harvest in Canada 
(White et al., 2017). There was no reported timber harvest in the Alaskan portion of the 
study domain (Smith, 2002).  
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 Because the disturbance driver data are at relatively high spatial scale (e.g. 30 m) 
that matches the NDVI trend and land cover dataset, it is possible to directly compare 
spatial patterns between the two. Ju and Masek (2016) showed that AVHRR-scale 
patterns in NDVI trends are likely biased due to their inability to capture fine scale 
disturbance and land cover change. We focus on several areas of considerable landscape 
disturbance to consider the viability 30 m Landsat data for characterizing both land cover 
change and changes in NDVI. 
 
3.2.4 Sun-Induced Fluorescence Preprocessing 
As a complementary source of remotely sensed information related to 
productivity, we used data from the Orbiting Carbon Observatory-2 (OCO-2), which 
measures sun-induced fluorescence (SIF) in both the 757 nm (SIF_757) and 771 nm 
(SIF_771) bands, across the ABoVE domain between 2014 and 2017. We used OCO-2 
SIF Lite version 8 files, which have been bias-corrected and quality screened and include 
a daily correction factor to account for variation in sun-sensor geometry (Sun et al., 
2017).  We filtered SIF measurements for the peak growing season, defined as occurring 
between day of year 180 and 240 (June 29 – August 28); this growing season definition 
matches that used by Ju and Masek (2016) for deriving their peak NDVI trend data. 
Because our land cover time series dataset ends in 2014, we assume that land cover did 
not change significantly between 2014 and 2017 across the OCO-2 samples. To explore 
relationships among land cover and SIF, we intersected OCO-2 retrieval footprints (1.3 x 
2.1 km2) with 30 m land cover from 2014, assigning the land cover class with the highest 
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percent coverage within each footprint.  We only analyzed SIF measurements where its 
footprint had a relatively homogenous land cover composition – that is, if the majority 
vegetation type covered at least 67% of the footprint. In addition, to evaluate the impact 
of land cover history, we computed the mean time since disturbance within each OCO-2 
footprint.  
To reduce noise in the SIF retrievals, we performed several preprocessing steps, 
following the guidelines in the SIF Lite files user guide. First, we averaged both SIF_771 
(SIF at 771 nm) and SIF_757 (SIF at 757 nm) across multiple simultaneously retrieved 
footprints, including adjusting each combined footprints’ land cover and age distribution 
as the weighted average of the underlying footprints. We then applied the daily solar 
zenith angle-based correction factor to each combined footprint’s mean SIF_771 and 
SIF_757 values. To further reduce noise, following the user guide, we multiplied 
SIF_771 by 1.5 to match the scale of SIF_757, and took the average of the two SIF 
measurements.  
We additionally compared SIF measurements with peak growing season NDVI 
occurring near the end of the time series collocated within OCO-2 footprints. Due to the 
relatively short length of the record of OCO-2, it was not possible to create a long time 
series to estimate trends and compare with greening trends directly. Therefore, instead of 
analyzing NDVI changes over time, we analyzed absolute values of NDVI, informed by 
information on disturbance timing, to compare with observations of SIF. To minimize 
changes in NDVI that might occur due to land cover change, we focused on growing 
season values of NDVI in a limited timespan that was close in timing with the available 
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2014-2017 OCO-2 SIF data (i.e. the end of the time series). Within each OCO-2 retrieval 
footprint, we calculated the mean growing season NDVI value, and to minimize the 
impact of interannual variability in climate, greenness, and cloudiness, we averaged 
annual peak NDVI from 2010 to 2014.  Hence, the resulting NDVI values represented the 
mean growing season NDVI for each pixel and land cover at the end of the Landsat time 
series used for this work. Over each ABoVE tile and year between 1984 and 2014, the 
peak growing season NDVI was estimated as the per-pixel maximum NDVI occurring 
between day of year 180 and 240 (June 29 – August 28) (Sulla-Menashe et al., 2018).  
We additionally considered the relationship between NDVI and NIRv, the product 
of NDVI and the land surface reflectance in the near infrared. The NIRv has recently 
been proposed as an alternative to NDVI that captures the spatial and temporal variability 
of sun-induced fluorescence at monthly and 1-degree grid cell scales (Badgley et al., 
2017).  
 
3.2.5 Analysis  
Our analysis is organized into four parts: (1) characterizing the amount of overlap 
of areas of land cover status and NDVI trends, (2) characterizing the distribution of 
NDVI trend magnitude (i.e. the slope of the trends) associated with each land cover and 
land cover change type, (3) mapping example areas of heterogeneous land cover change 
and NDVI trends and (4) characterizing the relationship between SIF, NDVI, and land 
cover.  
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To determine the areas of land cover change associated with NDVI trends, each 
30 m pixel in the study domain was flagged with land cover, disturbance, and NDVI 
trend sign and magnitude, and each pixel was counted into domain-wide and ecoregion-
wide area totals. We used this flagged dataset to analyze the areas of intersection and 
change and to generate maps of NDVI trends filtered for land cover status. We performed 
this analysis on both the broad land cover change statuses (i.e. stable versus change 
classes) and on individual land cover and land cover change classes.  
To estimate the magnitude of NDVI trends associated with each land cover and 
land cover change class, we randomly sampled 1.5% of the study domain. We filtered our 
sample to statistically significant trends and a subset of the land covers, which focuses on 
shifts in vegetation types that we discuss throughout this paper (i.e. we excluded water 
and wetlands). We did not stratify our sample according to land cover, but our sample 
was large enough to capture the variability of NDVI trends across land covers (n = 
3,670,464, smallest land cover n = 37,883). This sample was used to characterize the 
distribution in NDVI trend magnitudes across land cover and land cover change types. 
We mapped some detailed examples to demonstrate the spatial heterogeneity in 
both land cover and NDVI trends captured by 30 m Landsat data. The detailed examples 
are shown for both an area with extensive logging in British Columbia, Canada and for an 
area with extensive and repeated fires in the Northwest Territories. We filtered the areas 
for land cover change status to demonstrate the spatial patterns of NDVI trends 
associated with land cover change and those associated with stable land covers.  
66 
 
 
To characterize the SIF measurements according land cover, we classified each 
SIF measurement during the growing season according to the underlying land cover in 
2014 within the measurement footprint. Because of the resulting lack of mostly 
homogenous footprints covering certain land covers, we limited our analysis to four land 
covers – Evergreen Forest, Deciduous Forest, Shrub, and Herbaceous. We calculated the 
mean time since disturbance within each SIF footprint using our land cover and land 
cover change dataset, as well. If the majority of a SIF footprint had no land cover change 
in our dataset, it was classified as “>25 years since disturbance”. In the ABoVE domain, 
642,698 peak growing season SIF retrievals were acquired between 2014 and 2017; after 
the averaging procedures described above, and filtering for quality control, there were 
60,807 observations. Of these combined footprints, 25,298 included a land cover class 
that covered more than 67% of the footprint, which were used for our analysis. 
 
3.3 Results 
3.3.1 Large-scale Patterns in Greening and Browning 
Of the 3,861,514 km2 in the ABoVE Core Study Domain for which Landsat 
NDVI trends were estimated by Ju and Masek (2016), 1,648,210 km2 (42.7%) showed 
statistically significant trends, of which 1,309,937 km2 (33.9%) were positive 
(“greening”) and 338,272 km2 (8.8 %) were negative (“browning”) (Figure 3.1).  
Concurrently, 816,148 km2, equivalent to 21.2% of the area of Ju and Masek’s NDVI 
trend data within ABoVE study domain, experienced net land cover change between 
1984-2014. Greening and browning were spatially widespread, but the highest magnitude 
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trends tended to occur in localized patches associated with areas of land cover change 
(Figure 3.2). Additionally, a substantial amount of the greening and browning are highly 
associated with the areas of fires throughout the domain (Figure 3.2c). Of areas with 
significant NDVI trends, just over a quarter (454,630 km2; 27.6%) experienced a net land 
cover change from 1984-2014. 
The rates and magnitudes at which greening and browning trends occurred varied 
widely as a function of land cover change status. For both changed and unchanged pixels, 
the distribution of trends tended to be bi-modal, with distinct modes of browning and 
greening in each case (Figure 3.1).  In areas with stable land cover, 37.8% of pixels 
showed significant trends in NDVI, of which 83% were positive with a median increase 
of +0.0023 ± 0.0015 yr-1 (median and interquartile range) and 17% were negative trends 
with a median decrease of -0.0021 ± 0.0019 yr-1 (Figure 3.1).  In contrast, NDVI trends 
were roughly 50-100% larger in magnitude and more variable in areas with land cover 
change than in stable land cover areas (c.f., Figure 3.2a, b; Figure 3.1).  The majority of 
pixels with land cover change (55.7%) showed statistically significant NDVI trends, of 
which 67.3% were greening trends, with a median trend of +0.0034 ± 0.0028 yr-1, and 
32.7% of pixels showed browning trends with a median trend of -0.0048 ± 0.004 yr-1 
(Figure 3.1b). Nearly half (43.9%) of browning pixels and nearly a quarter (23.3%) of 
greening pixels were associated with land cover change, even though land cover change 
occurred only over 21.2% of the study domain. Notably, a substantial portion of land 
cover change areas (44%) did not experience a significant trend in NDVI.  
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Consistent with results from Sulla-Menashe et al. (2018), our results suggest that 
spatial patterns of NDVI trends are strongly, but not exclusively, influenced by land 
cover change and disturbance processes (Figures 3.2 & 3.3). Broadly speaking, both land 
cover and land surface greening are changing significantly across the study domain. 
However, not all areas with land cover change are experiencing NDVI trends, and not all 
areas with significant NDVI trends are associated with land cover change.  When 
excluding areas of land cover change, the regional patterns of NDVI trends are more 
widespread, but of lower magnitudes relative to trends in disturbed locations (Figure 3.3). 
Conversely, locations with the largest magnitude trends (both greening and browning) 
tend to be co-located with spatially coherent patches of land cover change, primarily 
Evergreen Forest Loss (Figure 3.2).  
 
3.3.2 Greening and Browning Across Stable and Changing Land Cover Classes 
Beyond the land cover change-specific variability in greening and browning 
trends, we observed substantial variability in the proportional area and magnitude of 
trends as a function of specific land cover and land cover change classes (Figure 3.4). 
Except for Sparse Vegetation, the majority of the area of stable land cover classes were 
not greening or browning, though there was considerable variability in the greening 
proportions across classes. The largest magnitude NDVI trends among the stable land 
cover classes occurred in the Shrub, Herbaceous, and Barren land cover classes (Figure 
3.5), which is consistent with previous studies suggesting recent widespread increase in 
the fractional vegetation cover and overall growth of these land cover types (Elmendorf 
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et al., 2012). In general, pixels with stable land cover tended to have positive NDVI 
trends, although some browning occurred in Deciduous Forests (11.7%), Evergreen 
Forests (7.5%), and Sparse Vegetation (6.9%). All other stable land cover types 
experienced browning in less than 5% of their total area. Median greening trends across 
stable land cover types were of relatively lower magnitude, ranging from a low of 
+0.0018 ± 0.0014 yr-1 in Deciduous Forests (median ± interquartile range) to a high 
+0.0030 ± 0.0017 yr-1 in Herbaceous (Figure 3.5). Browning trends were similarly low 
magnitude, ranging from a low of -0.0017 ± 0.0010 yr-1 in Deciduous Forests to a high of 
-0.0022 ± 0.0029 yr-1 in Barren. Given the relative rarity of browning in stable land cover 
classes, the browning trend magnitudes for stable land cover reported here are unlikely to 
characterize much of the domain. 
Land cover change classes, on the other hand, showed NDVI trends that tended to 
have larger magnitudes and were proportionally more frequent relative to pixels with 
stable land cover (Figure 3.4b). With the sole exception of the Shrub Loss class, the 
majority of the area for each land cover change class was greening or browning (Figure 
3.4). Median greening trends across land cover change classes were generally of higher 
magnitude than in stable land cover classes, ranging from +0.0029 ± 0.0018 yr-1 in Shrub 
Loss areas to +0.0040 ± 0.0029 in Evergreen Forest Loss areas (Figure 3.5). Only 
Evergreen Forest Loss, Shrub Loss, and Evergreen Forest Gain had substantial areas (> 
5%) of browning trends. Browning trends ranged from -0.0025 ± 0.0024 yr-1 in 
Evergreen Forest Gain pixels to -0.0055 ± 0.0037 yr-1 in Evergreen Forest Loss pixels.  
Intuitively, the largest browning trends occurred in the Evergreen Forest Loss and Shrub 
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Loss classes, while the largest greening trends occurred in the Deciduous Forest Gain, 
Evergreen Forest Gain, and Evergreen Forest Loss classes. Evergreen Forest Loss had, by 
far, the largest proportional area (43.7%) of browning.  At the same time, 20.6% of 
Evergreen Forest Loss exhibited greening, which may relate to regrowth following forest 
loss occurring early in the Landsat time series. Somewhat counterintuitively, some areas 
mapped as Evergreen Forest Gain (7.1%) showed browning.  Otherwise, NDVI trends for 
land cover “gain” change classes were dominated by greening.  
 When mapped, there were clear patterns in greening and browning trends 
according to specific land cover change classes. The largest magnitude trends were 
located in spatially coherent patches of forest and shrub loss in higher-latitude regions of 
the Boreal forest ecoregion (e.g., browning in Central Alaska and greening in the 
Northwest Territories) (Figure 3.6). At higher latitudes above the tree line, growth of new 
shrubs and herbaceous vegetation creates a more uniform, geographically extensive, and 
more subtle greening trend, particularly in the Canadian Arctic (Figures 3.1 & 3.2). 
 
3.3.3 Spatial Heterogeneity of Logging and Fire-driven Greening Trends 
The 30 m spatial resolution provided by Landsat supports analysis of how specific 
land cover change and disturbance processes (e.g., logging and fire) influence NDVI 
trends at multiple scales in a way that is not feasible from 8-km AVHRR or 500-m 
MODIS imagery.  For example, figure 3.7 demonstrates the high spatial heterogeneity in 
greening trends due to timber harvest in a small area in British Columbia. The impact on 
NDVI trends of timber harvesting, which is primarily located in southern regions of the 
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Boreal biome, is variable in regard to both the sign and magnitude of NDVI trends at 
short (100s of m) spatial scales (Figure 3.7). High magnitude negative trends are most 
common in areas where timber harvest occurred later in the time series (e.g. after 1995), 
mapped as Evergreen Forest Loss where replacement of Evergreen Forests by Barren or 
Sparse Vegetation land covers creates a sharp drop in NDVI at the end of the time series. 
Locations with positive trends, on the other hand, are most common where timber harvest 
occurred early in the time series (e.g. before 1995) to allow for substantial regrowth, and 
are mapped as either Evergreen Forest Loss that occurred before 1995, or as either 
Evergreen Forest Gain or Deciduous Forest Gain.  If land cover change is excluded from 
the trends in NDVI, the remaining trends in stable land covers are relatively subtle and 
sparse (Figure 3.7d). The greening trends associated with these early or pre-time series 
harvest events are mostly signals of forest regeneration. 
In contrast to timber harvest, which was concentrated in the southern portions of 
the study domain, fire disturbance impacts ecological processes and landscape structure 
throughout the entire Boreal forest biome.  As illustrated in Figure 3.8, areas 
experiencing significant fire disturbance tend to be characterized by more spatially 
complex mosaics with both positive and negative NDVI trends of varying magnitude. 
The complexity and heterogeneity of NDVI trends shown in Figure 3.8 are representative 
of patterns we observe throughout the Boreal forest, where the timing of fire disturbance 
exerts first order control on the sign and magnitude of NDVI trends.   For example, some 
areas experience greening even though they are associated with Evergreen Forest Loss – 
these tend to be related to fires occurring on or after 1990. Meanwhile, forest regrowth, 
72 
 
 
represented either by the Evergreen Forest Gain class or a greening NDVI trend, are 
associated with fires occurring earlier in the time series (earlier than 1990). In contrast to 
the logging-dominated area shown in Figure 3.7, areas with stable land cover in Figure 
3.8 show widespread greening in locations where fire events occurred before the start of 
the Landsat time series. This suggests post-fire recovery continuing beyond the re-
establishment of the pre-fire land cover.  
Overall, fire events occurred in 5.5% of pixels with positive trends across the 
study area and in 24.4% of pixels with negative trends, while harvesting occurred in 1% 
of pixels with positive trends and 3.4% of pixels with negative trends. Together, these 
fire and logging events represent important drivers of greening and browning in the 
Boreal biome.  The largest magnitude trends were generally associated with these sources 
of stand replacing disturbance, and we find no material difference in the nature and 
magnitude of NDVI trends between areas that experienced fires versus those that 
experienced timber harvest.   Pixels with land cover change not attributable to either fire 
or harvest account for 19% of positive trends and 24.0% of negative trends, suggesting 
that many other disturbance processes may be influencing greening trends in the study 
domain. However, data at comparable spatial resolution does not yet exist for these other 
drivers (e.g. insect infestation, drought, and permafrost degradation).  
 
3.3.4 Land Cover- and Disturbance controls on Fluorescence and Greenness 
To understand how greening and browning trends reflect changes in land cover 
and productivity, we analyzed SIF and NDVI as a function of land cover and time since 
73 
 
 
disturbance. In the Arctic biome, SIF varied linearly with NDVI across land covers 
across the range of observed mean NDVI (Figure 3.9). The vast majority of SIF 
observations occurred in Herbaceous land cover, though the Shrub land cover had the 
highest values of both SIF and NDVI. The range of SIF was considerably less 
pronounced (varying between 0 and 0.5 mW m-2 sr-1 nm-1) than the range of NDVI 
(varying between 0.4 and 0.8). Meanwhile, in the Boreal biome, Deciduous Forests had 
the highest values of both NDVI and SIF, while Evergreen Forests had moderate values 
for NDVI and lower values for SIF, about half of Deciduous Forests SIF values. Boreal 
Herbaceous land cover spanned the whole range of observed NDVI and SIF. SIF and 
NDVI varied linearly across both biomes, except at very high NDVI (greater than 0.8), 
where the relationship saturated for Boreal Herbaceous and Deciduous Forests (Figure 
3.9). This suggests a loss of sensitivity in NDVI at high values of SIF. Assuming SIF is 
linearly related to photosynthetic rate, this non-linearity in NDVI is consistent with 
studies showing a loss of sensitivity in NDVI to productivity and leaf area (Carlson and 
Ripley, 1997). This saturation of NDVI only occurs in the Boreal biome, where 
productivity is generally higher. 
To understand more about productivity and SIF at the high ranges of NDVI, we 
explored the hypothesis that forest age is a significant control on productivity (Goulden et 
al., 2011; Pugh et al., 2019). We stratified values of SIF as a function of age, land cover, 
and ecoregion (Figure 3.10). In the Boreal biome, median SIF values over Evergreen 
Forests were roughly half as large as those observed over Deciduous Forests, and 
increased monotonically with age, from 0.6 for Evergreen Forests less than 10 years old 
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to 0.9 mW m-2 sr-1 nm-1 for Evergreen Forests older than 25 years.  In contrast, SIF values 
over Deciduous Forests were maximum for forests of intermediate age (1.5-2.0 mW m-2 
sr-1 nm-1 for Deciduous Forests 10-25 years after disturbance) and were lower for 
younger (1.2 mW m-2 sr-1 nm-1 for Deciduous Forests <10 years since disturbance) and 
older (0.9 mW m-2 sr-1 nm-1 for Deciduous Forests >25 years after disturbance) forests. In 
other words, there was a local optimum in SIF for Deciduous Forests as a function of age.  
The values for SIF were considerably more variable for Shrubs and Herbs, and 
their values were not significantly different from those of Evergreen Forests. In the 
Boreal biome, only Deciduous Forests had significantly different values for SIF. In the 
Arctic, SIF values were generally higher over areas dominated by woody shrubs (median 
SIF values 0.4 – 0.8  mW m-2 sr-1 nm-1) relative to areas dominated by herbaceous 
vegetation (0.2-0.4 mW m-2 sr-1 nm-1 ), but there was substantial overlap suggesting that 
Shrub and Herb productivity do not vary too widely in the Arctic. We find no meaningful 
pattern in SIF with respect to time since land cover change in the Arctic. 
In comparison, mean growing season NDVI showed clearer variation as a 
function of land cover type than that observed for SIF, and different patterns with respect 
to time since disturbance (Figure 3.10).  In the Boreal biome, similar to patterns observed 
in SIF, NDVI was highest over Deciduous Forests and lowest over Herbaceous land 
cover.  There was a weak positive relationship between NDVI and age for Deciduous 
Forests, but no discernible relationship between time since disturbance and NDVI within 
any of the other classes.  The relationship between time since disturbance and NDVI for 
Deciduous Forests is in marked contrast with the relationship between time since 
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disturbance and SIF for Deciduous Forests, which experienced a noticeable mid-age 
maximum. In tundra regions above the tree line, NDVI was higher over Shrub land than 
over Herbaceous land, which is consistent with the general pattern observed in SIF.  The 
difference between Shrub and Herb NDVI, however, was larger than the difference 
between Shrub and Herb SIF. Arctic Herbaceous land had a noticeable relationship for 
NDVI as a function of age, with NDVI reaching a minimum in middle-aged Herbs, while 
Arctic Shrubs did not show a noticeable relationship between NDVI and age. 
The NIRv, calculated as the product of NDVI and near-infrared reflectance, has 
recently been proposed as an alternative to NDVI that captures the spatial and temporal 
variability of sun-induced fluorescence at monthly and 1-degree grid cell scales (Badgley 
et al., 2017). The patterns of NIRv we observed do not capture the same patterns of SIF 
but rather mimicked the patterns found in NDVI, suggesting that NIRv is not a 
substantial improvement over NDVI as an indicator of ecosystem productivity (results 
not shown). 
 
 
3.4 Discussion 
A growing body of research suggests that the ecology and productivity of high-
latitude ecosystems is changing in response to climate change. Remote sensing studies 
have identified areas of both greening and browning (Beck and Goetz, 2011; Guay et al., 
2014; Myneni et al., 2001; Parent and Verbyla, 2010), measurements of atmosphere 
chemistry have shown that the seasonality of atmospheric CO2 is changing (Graven et al., 
2013; Keeling et al., 1996), and model-based studies point to enhanced productivity in 
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Boreal and Arctic systems (Forkel et al., 2016; Luus et al., 2017). Because the 
relationship between NDVI and productivity is non-linear and depends on plant 
functional type, NDVI trends and landscape-scale changes in productivity must be 
interpreted in the context of concomitant changes in land cover. In the previous chapter, 
we showed that substantial portions of Arctic-Boreal northwestern North American have 
experienced changes in land cover due to both natural and anthropogenic disturbances. 
However, the manner in which landscape-scale land cover and land cover changes across 
the Arctic-Boreal Region contribute to large scale ecosystem changes has not been 
examined in detail.   
 
3.4.1 Greening in Areas of Land Cover Change 
Our results suggest a significant overlap between areas of land cover change and 
areas of greening and browning – roughly a quarter of pixels with significant trends in 
NDVI are associated with land cover change over the same time period. Not only is land 
cover change responsible for a large area of NDVI trends, but they are responsible for 
most of the highest magnitude trends for both greening and browning.  Evergreen Forest 
Loss was the most extensive driver of trends, and it was responsible for both greening 
and browning, depending on the timing of disturbance. This suggests considerable 
uncertainty in the interpretation of NDVI trends – an area may be greening because of a 
loss of forest and an increase in high-NDVI Herbaceous cover, which would have very 
different implications for productivity and other biophysical land surface characteristics 
than an area greening due to steady forest growth.  
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Because of these competing effects different processes that change NDVI, it is 
important to characterize land cover change and NDVI trends using the spatial scale at 
which these disturbances occur. The detailed maps of harvest and fire presented here 
demonstrate the high spatial heterogeneity present for both the sign and magnitude of 
greening and browning trends in highly disturbed areas. These heterogeneous NDVI 
trends tend to cancel each other over small distances, and aggregating these changes to a 
coarser resolution results in a loss of sensitivity to these gains and losses of land surface 
greenness. Ju and Masek (2016) suggested that the coarse spatial resolution (8 km) and 
compositing methodology of AVHRR data inhibits realistic characterization of greening 
and browning trends in disturbed Boreal forests. While coarse spatial resolution 
instruments such as MODIS and AVHRR unquestionably provide valuable sources of 
image time series, the scale and complexity of variation in landscape processes at high 
latitudes limits the utility of these two data sources for studies attempting to understand 
how multiple agents (natural disturbance, human disturbance, climate change, etc.) that 
operate at multiple scales are driving change in high latitude ecosystems.  It is beneficial 
to use Landsat data, as described in this study, to establish the context and interpretation 
of greening and browning trends in light of extensive and frequent land cover change at 
landscape scale. 
Counterintuitively, there were many areas that had significant land cover change, but 
did not exhibit an NDVI trend. It might be expected that areas of stable land cover exhibit 
no trend or slight positive trends, reflecting gradual growth; however, land cover change 
often entails a large-scale shift in underlying plant cover, which would imply a shift in 
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NDVI. What we find, however, recapitulates the findings of Sulla-Menashe et al. (2018) 
– disturbances occurring in the middle of the time series will exhibit little trend. Studies 
using solely simple linear regressions of time series of NDVI are likely to miss 
substantial significant land changes and must be carefully evaluated with detailed land 
cover information (Pastick et al., 2019).  
In the Boreal zone, where disturbance is common, NDVI trends reflect complex 
mosaics of disturbance history.  In particular, a substantial portion of browning was 
associated with Evergreen Forest Loss due to abrupt disturbance.  Boreal browning may 
also reflect gradual disturbances, such as drought (Hogg et al., 2008; Ma et al., 2012), 
insect infestation (Verbyla, 2011; Volney and Fleming, 2000), permafrost degradation 
(Helbig et al., 2016), or forest decline (Rogers et al., 2018) more generally. 
Counterintuitively, Boreal browning was observed in some areas Deciduous Forest and 
Evergreen Forest Gain – we hypothesize that these areas represent forest successional 
processes that are causing a shift from deciduous tree species with high NDVI to 
evergreen tree species with low NDVI. This pattern is also reflected in reduced 
productivity, as measured by SIF, in later aged Deciduous Forests (Figure 3.10). This 
may reflect recruitment of conifer tree species into areas initially colonized by deciduous 
trees after disturbance, which would reduce the average productivity.  Extending the time 
series into the future may show these areas transition to Evergreen Forest. Importantly, 
each of these processes (succession, drought, and insects) would manifest as browning, 
but have substantively different implications for the long-term health and productivity of 
Boreal forests.  However, limitations in disturbance datasets, both in terms of disturbance 
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type (e.g. insects) and relatively short time period (30 years) limit our ability to further 
explain greening and browning trends as a function disturbance. 
 
3.4.2 Greening in Areas of Stable Land Cover 
In contrast to the areas of land cover change, around 33 % of the stable land cover 
areas exhibited modest, but statistically significant, greening, primarily in the Arctic but 
evident throughout the study domain. By removing the areas of land cover change, the 
tendency for NDVI trends is to be of lower magnitude and generally not browning. The 
exact mechanisms behind observed greening in stable land cover cannot be inferred from 
this work, but they may reflect a combination of increased fractional vegetation cover or 
height (Berner et al., 2018), reduced surface water area (Raynolds and Walker, 2016), 
and shifts in community composition toward more deciduous species.  These changes are 
largely indicative of widespread increases in vegetation productivity throughout the 
ABoVE study domain over the last 30 years. Incorporating land cover information 
provides additional context for understanding the drivers of greening and browning 
trends. 
In Arctic ecosystems, disturbance was rare and land cover change was mostly limited 
to expansion of woody shrubs and herbaceous land cover. The vast majority of pixels 
showed increases in NDVI, again suggestive of increased productivity.  Only a small 
proportion of pixels in Arctic ecosystems that showed statistically significant greening 
trends also showed land cover change, which we interpret as the areas of most dramatic 
shrub encroachment. This suggests that expansion of herbaceous vegetation and woody 
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shrubs is occurring at rates sufficient to be captured in 31-year time series of Landsat 
NDVI, but insufficient to cause a change in land cover over this period, especially in the 
Alaskan tundra where Shrub Gain and Herbaceous Gain-specific greening was not 
detected (Figure 3.6).  
 
3.5.3 Interpretations of Productivity from Greenness 
 The implications of these results with respect to ongoing changes in high latitude 
ecosystem function and productivity, as well as the use of remote sensing to infer these 
changes, are numerous. A few studies have considered how disturbance impacts greening 
and browning trends, but either assume constant land cover or only examine large 
disturbances (Beck and Goetz, 2011; Hicke et al., 2003; Ju and Masek, 2016; Sulla-
Menashe et al., 2018). The results presented in this paper demonstrate that recent and 
ongoing land cover change strongly influences the relationship between remotely sensed 
measures of productivity such as the NDVI and ecosystem change at high latitudes. For 
example, Evergreen Forest Gain and Deciduous Forest Gain exhibit similar trends in 
NDVI (Figure 3.5) but they are not equivalent in terms of their impact on carbon cycling 
and are parameterized differently in ecosystem models (Augusto et al., 2015; Zimov et 
al., 1999). Furthermore, the land cover and age-dependent structure of SIF measurements 
shown in Figure 3.10, as well as previous chronosequence studies of Boreal forest 
productivity, suggest that both carbon uptake and respiration in forests vary as a function 
of time since disturbance (Goulden et al., 2011).  For example, Deciduous Forests had 
highest productivity at moderate ages and reductions in late aged Deciduous Forests, as 
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evidenced by the age-dependent patterns of SIF. Hence, characterizing the relationship 
between NDVI values and ecosystem productivity (and by extension, sensitivity to 
climate change) requires more complete representation of both land cover type and time 
since disturbance. As disturbance regimes change (Andela et al., 2017; Kelly et al., 2013; 
Soja et al., 2007), it’s likely that significant Arctic-Boreal land cover will become even 
more variable in terms of land cover and age demography.   
 
3.5 Conclusions 
The results presented in this study demonstrate that studies focused on characterizing 
and explaining greening and browning trends in high latitude ecosystems must go beyond 
simple explanations that equate changes in NDVI with changes in productivity. We found 
that nearly one third of the greening trends in the ABoVE Core Study Domain were 
associated with land cover changes, suggesting a substantial bias in the interpretation of 
changes in NDVI as changes in productivity across the Arctic-Boreal biomes. The largest 
changes in NDVI occurred in areas of land cover change; ignoring land cover change 
therefore would overestimate the increases in ecosystem productivity implied by greening 
trends. Multiple lines of evidence suggest that ecosystem composition, structure, and 
function in high latitude terrestrial ecosystems has been changing over the last several 
decades. Remote sensing-based studies showing high-latitude greening and browning 
support this conclusion.  However, excessive reliance on NDVI as a direct surrogate for 
productivity is fraught by over-simplification of their underlying relationship. 
Understanding land cover composition and history is therefore crucial to interpreting 
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observed trends in remotely sensing NDVI time series, and by extension, understanding 
the changes in ecosystem productivity and coupled ecosystem-atmosphere feedbacks to 
the climate system that NDVI trends are capturing.  
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Figure 3.1 | Characterization of positive, negative, and non-significant NDVI trends 
as a function of land cover status across the ABoVE Core Study Domain. a) Total 
areas of NDVI trends by land cover change status. b) Distributions of positive and 
negative trend magnitudes as a function of land cover 
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Figure 3.2 | Spatial distribution of NDVI trends and fires in the ABoVE Core Study Domain. a) Landsat-based NDVI 
trends from Ju and Masek (2016). b) Mapped areas of land cover change between 1984 and 2014 for key land cover 
transitions. c) Fires from the Canadian Fire Database and the Alaskan Large Fire Database.  
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Figure 3.3 | Comparison of spatial distribution of land cover change and Landsat-based NDVI trends specific to land 
cover change status. a) Landsat-based trends in NDVI in areas with stable land cover. b) Landsat-based trends in NDVI in 
areas with changing land cover
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Figure 3.4 | Area distributions of NDVI trends as a function of land cover class and land cover change types. a) Area 
distributions for trends in areas of specific stable land covers. b) Area distributions of trends in areas of specific land cover 
change types.
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Figure 3.5 | Distribution of trend magnitudes as a function of both land cover type, 
land cover change type, and trend sign. Boxplots indicate median and interquartile 
range of a random sample of pixels across the domain (n = 2,626,923). Box plots are 
shown for a given NDVI trend sign if those NDVI trends accounted for a substantial (at 
least 5%) of the mapped land cover or land cover change area. Vertical dashed line 
indicates separation between stable land cover types (to the left) and land cover change 
types (to right right). 
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Figure 3.6 | Spatial distribution of NDVI trends as a function of aggregated land cover change types. a) NDVI trends 
associated with vegetation loss classes, including Evergreen Forest Loss and Shrub Loss. b)  NDVI trends associated with 
forest growth classes, including Evergreen Forest Gain and Deciduous Forest Gain classes. c) NDVI trends associated with 
short vegetation gain, including Herbaceous Gain and Shrub Gain.
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Figure 3.7 | Landscape-scale timber harvesting in British Columbia. Inset 
demonstrates the approximate area shown. a) Land cover change between 1984 and 2014 
for the area. b) Timing of harvest events occurring between 1984 and 2012 in the region. 
Harvest data are drawn from the maps of White et al. (2017). c) NDVI trends associated 
with areas of land cover change. High magnitude trends are spatially associated with 
areas of timber harvest, with browning occurring in areas harvested late in the time series 
(i.e. after 2000) and greening occurring in areas recovering after being harvested earlier 
in the time series.  d) NDVI trends associated with areas of stable land cover.  
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Figure 3.8 | Landscape-scale mosaics of fire-induced browning and greening in the 
Northwest Territories. Inset indicates approximate area shown. a) Land cover change 
occurring between 1984 and 2014. b) Fire perimeters from the Canadian Fire Database, 
with colors indicating year of fire. c) NDVI trends associated with areas of land cover 
change, including substantial browning from recent fires and greening from older fires. d) 
NDVI trends associated with areas of stable land cover.  
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Figure 3.9 | Scatterplot showing relationship between normalized difference 
vegetation index (NDVI) and sun-induced fluorescence (SIF) across land cover and 
biome. Top panel: Herbaceous and Shrub pixels in the Arctic Biome. Bottom Panel: 
Forest, herbaceous, and shrub pixels in the Boreal biome. The delineation between Arctic 
and Boreal biomes were defined by the tundra ecoregions from the EPA Ecoregion Level 
1 designations. SIF pixels were included if their underlying land cover distributions were 
relatively homogenous (at least 67% one class). 
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Figure 3.10 | Distributions of remotely-sensed indicators of growing-season productivity as a function of land cover, 
biome, and time since disturbance. a) Distributions for sun-induced fluorescence, showing substantial age-dependent 
relationships. b) Distributions for NDVI, which does not show age-dependent relationships. Top and bottom panels refer to 
Arctic and Boreal biomes, respectively, as defined by the tundra ecoregions from the EPA Ecoregion Level 1 designations.  
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DISTURBANCE-DRIVEN DYNAMICS OF ABOVEGROUND 
BIOMASS IN BOREAL FORESTS ACROSS NORTHWESTERN 
NORTH AMERICA 
 
 4.1 Introduction 
Boreal forests are a critical component of the global carbon cycle due to their vast 
extent, climate sensitivity, and the immense amount of carbon they store in aboveground 
biomass and soil (Malhi et al., 1999). Changes in Arctic and Boreal productivity via CO2 
fertilization, warming, and land cover change have been linked to observed increases in 
high latitude productivity (Zhu et al., 2016). Therefore, understanding variability in 
Boreal and Arctic productivity is crucial to understanding changes in global carbon-
climate feedbacks (Forkel et al., 2016; Graven et al., 2013; Zhu et al., 2016). Further, the 
annual carbon balance of Boreal forests is highly sensitive to climate forcing because 
both direct (e.g. drought) and indirect (e.g. fires) impacts of climate warming may induce 
tree mortality and cause the Boreal forest to transition from a carbon sink to a carbon 
source (Bond-Lamberty et al., 2007; Bradshaw and Warkentin, 2015; Kasischke et al., 
1995). However, there is considerable uncertainty in the sign, magnitude, and nature of 
the most important drivers of change in Boreal forest carbon budgets (Magnani et al., 
2007) due to the competing influences of climate-driven growth, disturbances, and post-
disturbance recovery (Bond-Lamberty et al., 2007).  
Repeat observations from remote sensing have long been used to characterize 
changes in ecosystem properties at synoptic scale. NDVI trends, in particular, have been 
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heavily used to describe changes in productivity and biomass resulting from fires and 
climate change (Beck and Goetz, 2011; Myneni et al., 2001, 1997a; Park et al., 2016).  
However, NDVI is an index with only indirect physical relationships to ecological 
properties such as leaf area or productivity, and hence, is difficult to interpret. In 
particular, NDVI values depend on land cover type, time since disturbance, spatial 
resolution, and sensor characteristics, and NDVI signals are sensitive to sub-pixel 
mixtures of land cover in coarse imagery (Alcaraz-Segura et al., 2010; Guay et al., 2014). 
NDVI trends are therefore particularly difficult to interpret in areas with extensive land 
cover change and high spatial heterogeneity, such as Boreal forests and Arctic tundra 
(White et al., 2017).  
In contrast, aboveground woody biomass and its annual increment is a direct 
measure of carbon accumulation that can be easily compared across land cover types, 
ecoregions, and algorithms. Accurate tracking of biomass allows detection of gradual 
changes resulting from forest growth as well as subtle “press” disturbances that arise 
from drought, insect infestation, or forest degradation at sub-pixel scale (Eamus et al., 
2013; Hogg et al., 2008; Ma et al., 2012; Volney and Fleming, 2000). Typically, forest 
biomass is estimated from forest surveys, relying heavily on allometric equations that 
convert forest structural properties to biomass per unit area (Zianis and Mencuccini, 
2004).  However, sampling plots that track long-term changes in forest structure are 
resource intensive, especially in geographically expansive and remote northern high-
latitude systems. As a result, high quality information on forest structural characteristics 
are rare in Boreal forests. For example, the ForestGEO database of forest plots only has 
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one plot in the taiga of Canada, limiting the ability of researchers to generalize forest 
structural characteristics across Boreal Canada (https://www.forestgeo.si.edu/sites-all).  
Hence, remote sensing provides an important tool for monitoring biomass change over 
large areas in the Boreal biome (Lu, 2006).  
The use of lidar remote sensing, an active remote sensing technique that measures 
forest structural properties by tracking the returned energy from a laser shot propagated at 
the surface, has become increasingly utilized for estimation of Boreal forest structural 
properties and, by extension, Boreal forest biomass via allometric equations (Bolton et 
al., 2017; Lefsky et al., 2002; Matasci et al., 2018a). Airborne and satellite-based lidar 
remote sensing have been used to simulate forest survey plots (so-called ‘lidar plots’), 
thereby substantially increasing the amount of information on forest structure that is 
available across large areas relative to conventional forest surveys.  Using plot data from 
both traditional and lidar-based sources in combination with time series of satellite-based 
surface reflectance data, total forest carbon stocks and changes in stocks in both the 
tropics and Boreal forests have been estimated (Baccini et al., 2004; Matasci et al., 
2018b). These hierarchical, multi-source approaches to forest biomass estimation allow 
results from non-mapping lidar sensors with limited temporal coverage (e.g., the 
Geoscience Laser Altimeter Sensor (GLAS) onboard the Ice, Cloud, and Elevation 
Satellite (ICESat)) to be extended across vast regions over long timespans, revealing 
relationships between changes in forest biomass and trends in climate, disturbance, and 
land use. For example, Baccini et al. combined GLAS data with surface reflectance from 
the Moderate Resolution Imaging Spectroradiometer (MODIS) to map carbon density 
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maps in the tropics (Baccini et al., 2012). This approach was then extended to map time 
series of biomass and show that tropical forests, through repeated net losses of biomass, 
are a net source of carbon due to extensive logging (Baccini et al., 2017).  
In contrast, efforts to estimate aboveground biomass (AGB) specifically in Boreal 
forests have focused on single points in time. Neigh et al. (2013) developed an estimate 
of circumBoreal forest AGB for a single year using MODIS data. Similarly, Matasci et 
al. (2018) developed annual estimates of Canadian Boreal forest AGB by combining 
airborne lidar with time series of Landsat data, but did not explicitly characterize any 
changes across time. Further, Matasci et al. did not include land cover or forest type (e.g. 
deciduous versus evergreen forest), which has been shown to be an important factor in 
estimating biomass from allometric equations (Asner et al., 2009; Drake et al., 2003; 
Wang et al., 2013). Field studies demonstrate that disturbance, drought, and land use 
exert first-order control on the carbon budget of Boreal forests through time. By 
analyzing permanent sampling plots, Ma et al. (2012) concluded that regional droughts 
have been reducing the biomass carbon sink in Canada’s southern Boreal forest. Hogg et 
al. (2008) also found significant reductions in productivity and biomass resulting from 
drought in western Canada’s deciduous forest. These studies, however, only represent 
small portions of Canada’s Boreal forests and cannot be easily generalized across the 
domain. Because Boreal forests are geographically extensive, remote, and prone to 
disturbance, comprehensive information related to large-scale dynamics and trends in 
Boreal forest AGB remain poorly quantified.  
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Here we use an extensive inventory of forest lidar plots derived from GLAS data 
to estimate machine learning models that predict AGB from time series of Landsat 
surface reflectance data, and then use these models to create large scale maps of AGB 
dynamics in Boreal forests.  Our study domain includes all forested ecoregions within the 
Core Study Domain of NASA’s Arctic-Boreal Vulnerability Experiment (ABoVE), 
which extends from Alaska to northwestern Canada. Lidar plot data from GLAS provide 
extensive and unbiased geographic coverage that captures a wide array of forest types 
and disturbance histories that are not available at this scale from traditional forest 
inventory plots. When coupled to Landsat data via machine learning models, our maps 
provide spatially continuous estimates of AGB and their changes at a spatial resolution 
that resolves individual forest disturbance and regrowth trajectories.  By extension, these 
maps provide new insights related to net changes in AGB carbon stocks and the 
landscape-scale processes that are causing these changes. Using these datasets, the 
research presented in this paper was designed to address the following research questions: 
(1) What are the spatial and land cover-based patterns of AGB stocks and AGB 
changes across Boreal ecosystems in northwestern North America? 
(2) How do different disturbance processes such as fire, harvest, and recovery control 
long term trends and interannual variability in carbon accumulation across 
different ecoregions? 
(3) Which ecoregions are experiencing net losses of AGB? Which are experiencing 
gains?  
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(4) What are the strengths and weaknesses of NDVI as a metric for characterizing 
disturbance and regrowth dynamics in Boreal forests? 
 
4.2 Methods 
4.2.1 Overview 
Our methodology includes three main elements: (1) estimation of a machine 
learning-based model to predict AGB over Boreal forests from time series of Landsat 
surface reflectance data, (2) application of this model to ecoregions within the ABoVE 
Core Study Domain that include Boreal forests, and (3) analysis of the biogeographic 
patterns and temporal trends in accumulation of AGB throughout the study domain. Our 
analysis focuses on aboveground live woody biomass in trees and shrubs (hereafter 
simply referred to as AGB), and does not include other carbon stocks (e.g., in soils and 
foliage). We therefore exclude Arctic ecoregions (e.g. tundra), which have relatively low 
amount of woody AGB.  Ecoregions were based on the level 2 ecoregion designations 
from the Environmental Protection Agency (EPA), which capture spatial variability in 
Boreal forest density, soil types, and disturbance regimes (http://www.cec.org/tools-and-
resources/map-files/terrestrial-ecoregions-level-ii).  
 
4.2.2 GLAS Global Biomass Inventory  
 
We utilized a recently developed global inventory of AGB plots estimated from 
GLAS data to calibrate our AGB models (Farina et al., 2019). We briefly overview its 
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generation here. The global AGB inventory was derived using GLAS/ICESat Version 33 
data downloaded from the National Snow and Ice Data Center (NSIDC). GLAS is a full-
waveform sampling lidar that generates 70 m diameter samples with 127 m along-track 
spacing. The full-waveform nature of GLAS allows it to be used to estimate multiple 
lidar metrics (e.g., quantile height or canopy height). Lidar waveform data from GLAS 
were used to replicate forest structural metrics using equations provided in existing 
literature.  For each GLAS footprint, plot-scale AGB was estimated using lidar-based 
forest structural metrics in combination with allometric equations that varied by broad 
ecological region. Specifically, Boreal region AGB in GLAS footprints was estimated 
using height-biomass equations published by Neigh et al. (2013) and by Nelson et al. 
(2017).  Land cover data from the National Land Cover Database (NLCD) for Alaska (Jin 
et al., 2017) and from the Earth Observation for Sustainable Development (EOSD) land 
cover data for Canada circa 2000 (Jin et al., 2017; Wulder et al., 2008), fractional tree 
cover data derived from the version 1.2 Global Forest Change dataset (Hansen et al., 
2013), burned area from the MODIS MCD45 burned area data (Roy et al., 2006), and 
from SRTM v3 elevation data (Farr et al., 2007) were used to select, for each GLAS 
observation, the most appropriate empirical relationship to derive AGB.  
For the ABoVE Core Study Domain, 230,880 values of GLAS-AGB were 
available between 2004 and 2008. To train machine learning models that predict GLAS-
AGB from Landsat surface reflectance values, we filtered the GLAS-AGB data for 
quality based on several criteria. Because land cover is a fundamental part of the GLAS-
AGB relationship, we sought to minimize bias due to sub-plot land cover variation and 
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only used GLAS-AGB plots in locations where 3 x 3 pixel windows of 30 m land cover 
information derived from Landsat (see below) centered in each 70 m diameter GLAS 
shot was homogeneous. In addition, because sloped surfaces introduce significant bias to 
GLAS waveforms, we removed GLAS plots in locations that had elevational slope 
greater than 10 degrees.  After applying these two constraints, the final GLAS-AGB plot 
dataset included 80,673 values. 
 
4.2.3 Landsat Reflectance, Land Cover, and Ancillary Data  
Land cover is a fundamental ecosystem property that both influences GLAS-AGB 
data and explains a substantial proportion of spatio-temporal variation in AGB (Farina et 
al., 2019).   Because climate change and disturbance are both active agents of land cover 
change in the ABoVE study domain, accurate information related to land cover and land 
cover change is essential for realistically capturing biogeographic patterns, temporal 
dynamics, and climate feedbacks in Boreal AGB.  We therefore used the land cover 
dataset developed for chapter one of this dissertation to provide annual information 
spanning the period 1984 – 2014 for the ABoVE Core Study Domain.   
We utilized time series of Landsat surface reflectance data from the Landsat 5 
Thematic Mapper and the Landsat 7 Enhanced Thematic Mapper+.  Prior to analysis, 
these data were masked for cloud and snow cover using the Fmask algorithm (Zhu and 
Woodcock, 2012), and time series at each pixel were evaluated for land cover changes 
using CCDC. To do this, CCDC fits harmonic models to time series of surface 
reflectance values, modeling seasonal and interannual variability in surface reflectance as 
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a function of time. These models are then used to identify statistically significant 
“breaks” in reflectance time series and to generate smooth time series of synthetic land 
surface reflectance data based on fitted models. Our AGB machine learning model 
utilizes seasonal-spectral features derived from these synthetic reflectance data as 
predictors. The synthetic reflectance data allow us to model trends in surface reflectance 
and fill gaps even under conditions where Landsat data are missing (e.g., due to cloud 
cover). Specific inputs to the machine learning model included the mean growing season 
and non-growing season synthetic values each year at each pixel in each Landsat band. 
Because the CCDC models can be unstable when growing seasons are short (i.e., less 
than 100 days), we normalized the snow-free growing season to the 5th and 95th 
percentiles of the snow-free days of year at each pixel. Peak growing season values were 
then based on values falling within the central 20% through the growing season (i.e. the 
middle of the snow-free season ± 10% of the length of the snow-free season), and the 
non-peak growing season values were based on those falling outside the central 20% of 
the snow-free season. 
In addition to surface reflectance from Landsat, we included several additional 
variables in our models. Specifically, to capture broad geographic variability due to 
climate and topography, we included annual mean temperature and precipitation from the 
Worldclim dataset (Fick & Hijmans, 2017), elevation and slope data derived from 
ASTER (Tachikawa et al., 2011), surface water status (Pekel et al., 2016), ecoregion, and 
permafrost status from the Permafrost Zonation Index (PZI) (Gruber, 2012). In addition, 
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using the land cover change dataset described above, we included the time since 
disturbance at each pixel as a predictor. 
 
4.2.4 Gradient Boosted Machine Model Estimation 
Following the methodology employed by Baccini et al. (2012), we used GLAS-
AGB data to calibrate machine learning models that predict AGB using time series of 
pixel-level synthetic surface reflectance values from Landsat, in association with the 
ancillary data, as described above, as predictors. Baccini et al. (2012) used the Random 
Forest machine learning model to predict biomass.  However, initial assessments in our 
study domain revealed that Random Forest tended to under-predict in regions with high 
biomass and had relatively poor sensitivity to variability within forest classes.  To address 
this bias, we tested a variety of alternative machine learning methods and found that 
Gradient Boosted Machines (GBM), an ensemble machine learning model that iteratively 
estimates a series of weak tree-based learners, did not suffer from these drawbacks 
(Friedman, 2001). Specifically, we used the GBM algorithm implemented in the gbm 
package in R (Greenwell et al., 2019).  Like many machine learning algorithms, GBM 
has a number of hyperparameters that require tuning, which we accomplished using the R 
package mlr (Bischl et al., 2016). 
We randomly selected 20% of the GLAS-AGB data to provide an independent 
sample for estimating error in our AGB predictions. The estimated model was applied to 
annual values of Landsat reflectance and land cover data, which resulted in 31-year 
stacks of AGB data over each tile. Because our primary research questions involve forest 
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disturbances and the loss of woody biomass, we include training data and predictions for 
non-treed classes as well as treed classes (i.e., which supports model predictions after 
stand-removing disturbances). Non-treed vegetation classes, such as Herbaceous, were 
generally predicted as 0 biomass without manual intervention. 
 
4.2.5 Piecewise Linear Models 
Initial time series of predicted AGB at each pixel show non-negligible interannual 
variation, resulting in many instances of spurious changes in AGB. Following the 
methodology of Baccini et al. (2017), we resolved this using a temporal change point 
algorithm that applies temporal segmentation to time series of AGB at each pixel, 
estimates piecewise linear models to each segment, and identifies statistically significant 
breaks in the time series (Appendix Figure A.5.1). This approach provides a means to 
reduce interannual noise, estimate AGB trends, and evaluate significance and uncertainty 
related to the linear model fit. We evaluate pixel-level changes in AGB on the basis of 
the temporal segmentation and linear model fits, rather than the GBM predicted biomass 
values themselves.   
 
4.2.6 Ecoregions 
The analysis of predicted AGB and its changes throughout the domain was 
organized into the ecoregions derived from the overlap of the ABoVE Core Study 
Domain and EPA Level 2 ecoregion designations for North America. The ABoVE-
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overlapping ecoregions varied widely in their total area coverage, rates of fire and harvest 
areas, and total area of each ecoregion actually represented in our domain (Table 4.1). 
For example, while the Taiga Shield represents a relatively large portion of the study 
domain (12.6%), the study domain only contains about a third (30.3%) of the entire Taiga 
Shield. For certain ecoregions, AGB patterns we observe may be suggestive, but not 
necessarily representative, of AGB dynamics for these ecoregions. In particular, the 
Marine West Coast Forest, Western Cordillera, Taiga Shield, and Softwood Shield had a 
minority of their areas represented in the ABoVE Core Study Domain.  
There was considerable variability in the rates of areas burned and areas harvested 
in each of the ecoregions. For example, the Softwood Shield experienced extremely low 
rates of harvest (0.1% of the mapped area), but very high rates of burned area (46.3% of 
the mapped area). In contrast, the Western Cordillera experiences noticeable harvesting 
(7.3%) and limited fires (2.5%). The Marine West Coast Forest in the ABoVE domain 
experienced almost no disturbance at all.  
 
4.2.7 Analysis 
To characterize temporal and spatial variability in modeled AGB time series, we 
drew a random sample of pixels from each tile that encompassed a wide range of 
variability in land cover, disturbance regime, and elevation. We sampled 0.1% of pixels 
in each tile, resulting in a sample of 36,000 pixels representing 32.4 km2 in each tile and 
3,636,000 pixels (3,272.4 km2) across the study domain. At each randomly sampled 
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pixel, we analyzed the annual, 31-year time series of predicted AGB to explore four main 
features.   
First, for pixels with no land cover change (i.e. stable forests), we used the Mann-
Kendall test (Kendall, 1948) to detect statistically significant trends at p<0.05, and then 
estimated the magnitude of detected trends using Theil-Sen linear regression (Sen, 1968; 
Theil, 1992).  This analysis was designed to characterize trends in productivity via 
changes in AGB as a function of time in undisturbed forests, and so was limited to pixels 
with stable land cover across the time series.  
Second, we characterized ecoregion-specific variability in cumulative and 
interannual biomass changes. To do this we calculated annual changes in AGB to create 
time series of annual biomass increment at each pixel. By summing the biomass 
increment across all pixels, we estimated interannual variability in AGB growth or loss 
for each ecoregion. These annual biomass increments provide estimates of net biomass 
accumulation rates in the Boreal forests that we mapped.  
Third, we explored the nature and magnitude of how fire and timber harvest affect 
the net carbon budget of Boreal forests in the ABoVE study domain.  To isolate fire-
driven biomass losses, we incorporated information from historical fire databases from 
both the Canadian Fire Database  and the Alaska Large Fire Database (Kasischke et al., 
2002).  To isolate biomass losses from timber harvest, we used data that catalogues the 
location and timing of forest harvest within Canada compiled by (White et al., 2017).  
Using these data we labelled the biomass increment in each pixel in each year as being 
associated with a fire or with harvest if the pixel-year’s biomass increment occurred on or 
106 
 
 
after the year of a fire or harvest. The sum of fire- or harvest-related biomass increments 
across a tile therefore represents the change in AGB that occurred as a result of each 
disturbance process, including both losses in AGB caused by disturbance directly and 
gains in AGB associated with post-disturbance recovery. The difference between the total 
mapped biomass increments and the disturbance-specific increments were classified as 
“residual” biomass increment, which generally refers to natural growth or to growth 
arising from other disturbances processes but may in fact encompass a wide range of 
other processes for which we do not have reliable spatial data.  
Fourth, we compared the influence of disturbance on both AGB dynamics and 
NDVI using a sample of time series of biomass and growing season NDVI that had an 
occurrence of either fire (n = 153,993) or harvest (n = 19,996). We normalized the dates 
of these time series by subtracting the year of the disturbance from the set of years in the 
time series, so that the year of disturbance was 0 and other years indicated time before or 
after the disturbance. We aggregated a set of these disturbance-labelled and normalized 
time series sampled across the study domain and, creating a general, characteristic post-
disturbance trajectory of AGB, NDVI, and NBR.  
 
4.3 Results 
4.3.1 Model Assessment 
The GBM model was trained using 64,537 GLAS AGB plots that were randomly 
selected across the geographic range of the study domain. Based a held-out test dataset of 
independent GLAS SGB plots, the model predicted AGB with an R2 = 0.801 and a root 
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mean square error (RMSE) of 20.75 Mg/ha (Figure 4.1). The model fit varied 
substantially as a function of land cover, with notably lower predictive accuracy in the 
Woodland and Shrub classes, and higher predictive accuracy in Evergreen Forest, 
Deciduous Forest, and Mixed Forest.  The GLAS-AGB biomass generally lacks 
observations less than 20 Mg/ha, which constrained our ability to predict AGB in areas 
with low-stature or sparse vegetation (e.g., shrub tundra). This lack of sensitivity may 
result from lack of sensitivity of GLAS lidar data over low stature vegetation (± 2m). The 
training and test data did include measurements with 0 Mg/ha of AGB, the vast majority 
of which represented areas with a land cover with no woody aboveground biomass (e.g., 
barren or water), some of which were predicted by the GBM model to have AGB values 
up to 50 Mg/ha.  These errors arise from a combination of uncertainty in the GLAS-AGB 
data or GBM model uncertainty that bias some predictions towards higher biomass over 
sparse forests and unvegetated lands.   
Land cover is the most important predictor in the model, suggesting that land 
cover information is crucial for predicting forest AGB from optical remote sensing.  
More specifically, analysis of variable influence estimated from the GBM model shows 
that the land cover provides 53.4% of the model explanatory power, followed by growing 
season green reflectance (12.6%), growing season tasseled cap wetness (5.7%), growing 
season shortwave infrared 1 (4.8%), and annual mean temperature (2.5%). Because land 
cover is defined based on plant functional type and density, this is intuitively reasonable.  
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4.3.2 Land Cover and Ecoregion Patterns 
AGB shows a strong latitudinal gradient in AGB density (Figure 4.2), with the 
southern Boreal forests in the Boreal Plain, Boreal Cordillera, and Western Cordillera 
ecoregions showing the highest AGB values, and the Taiga Plain, Taiga Shield, and 
Taiga Cordillera ecoregions showing lower AGB density. Select tundra areas that were 
mapped north of the tree line have, as expected, near zero AGB (results not shown). High 
elevation areas, such as the Mackenzie Mountain Range in the Taiga Cordillera, have 
near zero AGB as a result sparse vegetation and relatively poor growing conditions at 
high altitudes.  
The magnitude and variability in predicted AGB varied widely as a function of 
both ecoregion and land cover class and broadly reflect the spatial patterns of AGB 
described above (Figure 4.3). Median AGB by land cover and ecoregion was generally 
less than 100 Mg/ha, with the exception of forests in the Western Cordillera, Taiga Plain, 
and the Boreal Plain, which had Evergreen Forests with a median AGB density up to 125 
Mg/ha. There is considerable variation in AGB across ecoregions and classes, with the 
Western Cordillera exhibiting by far the highest AGB density across all land cover 
classes. As expected, Herbaceous land showed near zero AGB density, which suggests 
that the GBM model is sensitive to a wide range of biomass densities and can capture 
large biomass changes caused by stand replacing disturbances.  Among the land cover 
classes dominated by woody vegetation, Shrub generally had the lowest AGB (median 
4.3 to 23.7 Mg/ha), Woodland had moderate AGB (median 35.3 to 55.7 Mg/ha), and 
Forests had the highest and most variable AGB (medians 52.7 to 119.1 Mg/ha for 
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Evergreen Forest, 47.0 to 83.4 Mg/ha for Deciduous Forest, and 55.8 to 95.4 Mg/ha for 
Mixed Forest). The land cover class with the highest biomass density varied by 
ecoregion.  For example, while the Western Cordillera Evergreen Forests had the highest 
biomass, the Boreal Plain, Taiga Shield, and Taiga Plain Deciduous Forests and Mixed 
Forests had the highest biomass.  
To characterize long-term trends in AGB, which reflect long term patterns of 
productivity, we isolated pixels where no land cover change occurred during the study 
period according to the land cover dataset from Chapter Two.  Results from this analysis 
show that Deciduous and Mixed Forests consistently had the highest trends in AGB 
(median +0.01 to +0.47 Mg/ha/year) across all ecoregions (Figure 4.3), and that 
Evergreen Forests and Woodlands tended to have lower rates of growth (median +0.006 
to +0.20 Mg/ha/year).   AGB trends in areas with Shrubs were highly variable across 
ecoregions, and in most ecoregions, AGB trends in Shrublands (median +0.002 
Mg/ha/year to +0.202 Mg/ha/year) were higher than in Evergreen forests and Woodlands. 
Generally speaking, there was less variability in the AGB trends in stable forests across 
ecoregions than there was for standing AGB density, and patterns in AGB density and 
trends were broadly consistent when aggregated to land cover across ecoregions 
(Appendix Figure A.6.1). 
 
4.3.3 Biomass Dynamics in Logged Areas 
Boreal forest carbon dynamics are largely driven by disturbances and post-
disturbance recovery. However, depending on the mechanisms, disturbance often occurs 
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over small areas (e.g. 100s of m), particularly in areas of heavy land use.  Hence, the 
ability of map AGB and changes in AGB at the spatial resolution provided by Landsat is 
desirable because it supports analysis of how disturbance processes like logging impact 
landscape scale carbon dynamics across multiple decades. For example, Figure 4.4 shows 
results from analysis of change in AGB arising from timber harvest near Prince George, 
British Columbia in the Western Cordillera ecoregion that illustrates the high spatial 
variability in both biomass density and biomass trends across this landscape.  Over the 31 
year span presented in this figure, areas that were recently logged at the start of the time 
series have accrued large amounts of AGB (roughly 90 Mg/ha), while other areas have 
lost large amounts of biomass (> 100 Mg/ha) as a result of logging.  Importantly, post-
harvest growth does not compensate entirely for biomass lost to timber harvest over the 
time period examined, largely because harvest typically occurs in the densest forests and 
results in near-complete removal of biomass, and growth rates in the Boreal forests are 
relatively slow. Across the area as a whole, post-disturbance recovery creates a 
heterogeneous landscape mosaic composed of vegetation communities with a wide range 
of stand ages and plant functional type composition.  
Time series of AGB increments and resulting cumulative change in AGB show 
that timber harvests substantially impact the carbon balance in this area. In general, 
harvests imposed a steady release of carbon over time and interannual variability in 
biomass increment is mostly controlled by external factors such as climate.  For the 
region as a whole, harvest-based losses more or less balance the combined effects of 
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post-fire regrowth and forest growth in undisturbed areas.  As a result, the cumulative 
AGB balance across the time series for the area shown in Figure 4.4 is close to zero. 
 
4.3.4 Biomass Dynamics in Fire Disturbed Areas 
In contrast to the steady losses imposed by timber harvest, wildfires are highly 
stochastic and dominate the interannual variability in AGB across ecoregions outside of 
areas where logging is prevalent. For example, Figure 4.5 shows a forested area near 
Pelly Crossing, Yukon in the Boreal Cordillera ecoregion that has experienced many 
fires.  Forests in this area generally show steadily increasing AGB.  When large fires 
occur (e.g., 1990, 1995, 1998, and 2004), they exert first-order control on interannual 
changes in net biomass and result in significant decreases in AGB for the area as a whole. 
Fire scars are evident in Landsat imagery throughout the Boreal biome in both recently 
burned areas of low biomass and older burns with areas of slowly regenerating forest. 
The impact of fires in 1990, 1995, 1998, and 2004 near Pelly Crossing are also evident in 
plots showing annual biomass increments and cumulative biomass change for the area; 
AGB increments are strongly negative in fire years and moderately positive in post-fire 
years. As a result, fires counteract accumulation of AGB in surrounding undisturbed 
forest. The losses and gains in this area are relatively low in magnitude on a per-area 
basis when compared to the logged area in British Columbia (Figure 4.4). However, fires 
are more extensive in the Boreal Cordillera than logging is in the Western Cordillera, 
making it unclear what the relative total impact is between fires and harvesting.  
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In some areas, fires are rare but severe, and so have a large punctuated impact on 
local-to-regional carbon budgets. For example, Figure 4.6 shows an area of sparse 
Woodland in the Taiga Plain near Yellowknife where a severe fire occurred in 1995, 
resulting in the loss of nearly 20 Tg of AGB.  For context, the decrease in AGB 
associated with the 1995 fire year was larger than the cumulative fire-related change in 
AGB the 31-year time series in the Pelly Crossing area, which experienced several fires. 
Post-fire recovery was relatively slow, and the area never recovers the lost carbon during 
the time series. This is exemplified by the map, as well, which shows that losses 
immediately following the fire (Figure 4.6d) are moderate in magnitude and extensive in 
area, yet regrowth over the decades following the fire is low in magnitude and sparse in 
extent (Figure 4.6e). Not all areas experience the same degree of biomass loss or 
regrowth due to disturbances. The cumulative AGB change shown in Figure 4.7f suggests 
that, over the course of twenty years, only about a quarter of the carbon released through 
this fire event was sequestered in post-fire recovery. Severe, episodic fire events 
dominate carbon dynamics of the Taiga Plain, and regrowth is slow. These results 
highlight the high level of variability in carbon dynamics across the ABoVE study 
domain, even when the disturbance agent (i.e. fires) is the same. Certain areas are more 
likely to recover after a large fire, while others may not recover and hence represent a net 
source of carbon to the atmosphere over multidecadal timescales. 
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4.3.5 Biomass Dynamics by Ecoregion 
The examples presented above show landscape-scale variability in carbon gains 
and losses as a function of two drivers: fire and logging. In this section, we explore 
ecoregion-specific processes and regimes that control the nature and magnitude of 
disturbance impacts on AGB. Figure 4.7 presents the cumulative change in AGB for each 
ecoregion, summarizing the net impact of logging and fire on ecoregion-wide AGB 
budgets. The cumulative AGB changes reveal substantial variability in the relative 
influence of fires and logging on the aggregate carbon balance of each ecoregion. For 
example, while the Alaska Interior Boreal, Boreal Cordillera, Taiga Cordillera and Taiga 
Plain ecoregions experienced widespread and frequent fires, the net increase in AGB in 
unburned areas more than compensated for fire-induced losses across the time series.  
Consequently, these ecoregions show a net increase in AGB over the time series. The 
Taiga Plain, in particular, experienced considerable accumulation in AGB from post-fire 
growth in the latter part of the time series.  As a result, the net balance in AGB over the 
time series due to fires in the Taiga Plain is close to 0.  In the Taiga Shield and the 
Softwood Shield, on the other hand, the influence of fire was less episodic and more 
continuous, with limited growth in AGB outside of disturbed areas that did not 
compensate for AGB loss from fires.  Hence, these ecoregions experienced net losses in 
AGB.  
Despite the fact that logging events represent a small area (Table 4.1), timber 
harvest was consistently responsible for substantial AGB losses in areas where it 
occurred. Both the Boreal Plain and Western Cordillera showed losses from timber 
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harvest that were considerably larger than the impacts of fires, which were generally 
modest. In both of these ecoregions, the net balance in AGB plateaued or even decreased 
in the latter part of the time series, while harvest-based losses continuously accrued. 
These harvest-based losses counteracted much of the growth in undisturbed forests 
elsewhere.  
Aggregated across all of the ecoregions included in our analysis, the ABoVE Core 
Study Domain shows widespread and substantial increases in AGB that appear to be 
slowing in the latter part of the time series (Figure 4.8). The aggregate time series also 
shows substantial variability at interannual time scales in both net and fire-driven AGB.  
In this context, we note that although fires primarily result in losses of AGB, there are 
cases where the long-term impact of fires results in modest net accumulation of AGB as a 
result of post-burn regrowth. Summed over the time series, both harvest and fires 
contributed substantial AGB losses, with harvest being a smaller, but steadier, driver of 
carbon loss while fire imposed steady growth with episodic large losses. Over the study 
region as a whole, harvest-driven losses were about half the magnitude of fire-driven 
losses, despite accounting a considerably smaller area of disturbed forest (Table 4.1).  In 
total, including all AGB growth and loss processes, the aggregate result is a substantial 
net gain in AGB. Net change in AGB was sharply positive in the first twenty years of the 
time series (i.e., 1984 – 2005) (Figure 4.8), declines modestly in the late 2000s following 
a large fire year, and then increases again in the 2010s. This suggests that the Boreal 
forests in the ABoVE domain have undergone decadal-scale periods of both net gains and 
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losses of AGB, where dynamics during any given period depend on short term fire 
dynamics and longer-term climate processes. 
 
4.3.6 Post-Disturbance Dynamics in Biomass and Greenness 
Both harvest and fires stimulate accumulation of AGB through post-disturbance 
recovery processes. From the above analysis, we see increases in AGB in areas that were 
harvested or burned. In this context, recovery trajectories in disturbed forests have been 
extensively studied using time series of spectral vegetation indices by tracking temporal 
metrics that describe how these indices return to pre-disturbance values.  Results from 
these studies suggest that the rate of forest recovery depends on the ecoregion, but 
generally requires at least 10-20 years for forests to re-establish (White et al., 2017). 
However, our analysis of recovery dynamics in AGB following disturbance suggest that 
post-disturbance recovery is much slower and requires more time relative to recovery 
based on spectral indices like NDVI or the normalized burn ratio (NBR) (Figure 4.9). 
Harvested areas experienced near complete loss of AGB and tend to have median AGB 
values at 0 and 4 years after disturbance that are lower than AGB values in burned areas. 
Harvested areas also typically have higher AGB densities prior to disturbance than 
burned areas. In burned areas, where AGB losses are less severe but are more 
geographically extensive, fires do not always completely remove trees and often occur in 
low biomass woodlands that occur throughout the Taiga ecoregions. In either case, it 
does not appear that either harvested or burned areas recover to their pre-disturbance 
AGB densities during the 30-year record. There is substantial variability in net recovery 
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in both disturbance regimes. However, in the median, recovering forests regained 2/3 of 
their pre-disturbance biomass after disturbance over the thirty-year time series. At the 
same time, recovery of both NDVI and NBR after disturbance is rapid and suggests a 
return to pre-disturbance conditions within 10-20 years, and sometimes exceeds the pre-
disturbance values. Compared to the relatively slow regrowth of AGB, it is unclear what 
the meaning is for a forest to have recovered with respect to its spectral indices (e.g. NBR 
or NDVI). 
 
4.4 Discussion 
4.4.1 Overview 
In this study, we combined data from satellite-borne lidar with time series of 
Landsat surface reflectance to generate annual estimates of AGB at 30 m spatial 
resolution across a large region of Boreal forest in northwestern Canada and Alaska. The 
results from this work provide a physically-interpretable characterization of changes in 
AGB across the study region that reveal landscape-scale information related to how 
different agents of change affect AGB budgets across multiple decades. We found that 
the AGB across the study domain was highly variable.  The magnitude, frequency, and 
type of disturbance varied considerably across ecoregions, with southern ecoregions 
experiencing steady losses in AGB to harvest, and northern ecoregions experiencing 
episodic fluctuations in AGB caused by extensive wildfire.  
Most previous studies that attempt to spatially estimate AGB using remote 
sensing exploit active remote sensing, such as radar or lidar, and use physically-based, 
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semi-empirical, and/or allometric models that relate forest structural properties to AGB. 
However, these studies have generally been limited in regard to their spatial or temporal 
scale of analysis in ways that preclude systematic analysis of changes in AGB over large 
areas across time (Harrell et al., 1995; Rauste, 2005; Rignot et al., 1994; Saatchi and 
Moghaddam, 2000). Here, we employ a methodology that combines information from 
spaceborne lidar data with long time series of surface reflectance data in a manner that 
allowed us to map AGB at high spatial resolution across more than 3 million km2 over 
three decades. By estimating changes in AGB over time, our analysis provides a more 
physically interpretable estimate of changes in productivity than other widely used 
sources of remote sensing data that are widely used to infer productivity such as time 
series of NDVI or sun-induced fluorescence (Guay et al., 2014; Ju and Masek, 2016; 
Walther et al., 2016).   
 
4.4.2 Disturbance-driven Dynamics of Forest Biomass 
Consistent with results from other field and modeling studies, the Boreal forest of 
Canada and Alaska is a net sink of woody biomass carbon with substantial losses and 
gains of AGB being driven by disturbances such as fire, insects, and harvest (Bond-
Lamberty et al., 2007; Kasischke et al., 2010; Stinson et al., 2011). While the geographic 
extents are not identical (e.g. managed versus all forests, or all of Canada versus ABoVE 
Core Study Domain), we found both that rates of biomass loss due to harvest and the 
overall rate of biomass accumulation were of similar magnitude (e.g. 10s of Tg AGB per 
year) to those of other studies, suggesting our methodology provides realistic estimates of 
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disturbance-driven Boreal forest carbon dynamics in the ABoVE Core Study Domain 
(Kurz et al., 2013; Stinson et al., 2011). Similarly, the timing of a substantial loss of live 
AGB in the southern portion of the domain coincides with the timing of reports of 
pathogen attacks in British Columbia, suggesting that our methodology is sensitive to 
drivers of biomass loss such as insect infestation that are not explicitly mapped in the fire 
and harvest databases (Kurz et al., 2008).  
Characterizing the sensitivity of Boreal forest carbon to climate change requires 
understanding of disturbance regimes and the ensuing land changes that they create (Van 
Bellen et al., 2010). In this context, we found that the nature and magnitude of carbon 
losses due to disturbance varied substantially by ecoregion.  Areas with extensive harvest 
experienced very little fire, and vice versa. This may be explained by fire suppression in 
areas with heavy land use such as commercial logging and by the incidental reduction in 
fire fuel load following harvest. On a per-area basis, AGB loss and recovery caused by 
timber harvest tended to be larger than losses caused by fires, largely because timber 
harvest tends to be most prevalent in highly productive forests with large trees. Harvest 
typically involves complete removal of trees, while fires have considerable variability in 
their severity, which can result in only partial burns. On balance, the area of harvest was 
exceedingly small in our domain, yet was comparable to fires (about half) for magnitude 
of AGB losses.  
This methodology provides estimates of AGB stocks that are comparable across 
land cover types, ecoregions, and time. Further, by generating annual estimates of AGB, 
along with their change over time, we can characterize average AGB and changes in 
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AGB for key land cover types and over entire ecoregions based on units (Mg/ha) that can 
be directly related to ecosystem properties. Deciduous Forests and Mixed Forests, 
regardless of ecoregion, generally showed rates of AGB accumulation that were 
substantially higher than those observed over Evergreen Forests, and rates of AGB 
accumulation in Deciduous Forests were consistent with long term field studies that track 
accumulation of woody biomass in Boreal deciduous forests (Chen and Luo, 2015; Pare 
and Bergeron, 1995). This finding is consistent with results from field studies showing 
that Deciduous Forests have higher productivity than Evergreen Forests (Augusto et al., 
2015), which also implies that recent shifts in forest demography and succession may be 
driving increases in Boreal productivity and carbon cycling (Pugh et al., 2019; Zimov et 
al., 1999). This increased rate of AGB accumulation is evident in all undisturbed areas, 
regardless of ecoregion, despite varying biogeographic and climatic conditions that 
influence the productivity of these forests across space.  
 
4.4.3 Limitations in Disturbance Information 
Information on the timing and location of forest disturbance events is crucial to 
understanding Boreal forest biomass changes, but this information is generally lacking in 
precision and availability, limiting our understanding of what drives Boreal biomass 
changes (Liu et al., 2011; Stinson et al., 2011). For example, to explore the role of fire 
disturbance, we used two widely used ancillary sources of data: the Canadian and Alaska 
fire databases (Kasischke et al., 2002; Stocks et al., 2002).   These databases provide 
highly useful and important information, but are also limited by their simplified 
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representation fire disturbance.   These databases only provide information related to the 
perimeter and timing of fires, and include no information related to spatial variability in 
the intensity of disturbance within fire perimeters or in the uncertainty in the total 
perimeter of each fire. However, a large body of evidence clearly shows that areas 
affected by fire events include substantial variability regarding tree mortality, combustion 
of fuel, and the net impact of each fire event (Rogers et al., 2015). The 30 m spatial 
resolution imagery can be used to evaluate the magnitude of AGB change within 
individual fire perimeters with high spatial heterogeneity, providing a means of 
estimating the severity of fires using relative AGB loss. Burn severity provides useful 
information for modeling carbon dynamics, biophysical climate feedbacks, successional 
processes (Johnstone et al., 2010; Rogers et al., 2015, 2013; Van Bellen et al., 2010).  By 
analyzing changes in biomass, it may be possible to provide richer information on burn 
information and impacts beyond area and spectral response.  
In addition, it’s important to note that incomplete information related to 
disturbance agents and the causes of AGB gains and losses limits our ability to fully 
characterize and attribute observed dynamics in AGB. It is generally not well understood 
which disturbance processes are the most important to scale up from smaller scale events 
to continental scale dynamics, as well as finer-scale mechanistic understanding of the 
impact of forest disturbance on various pools of carbon (Liu et al., 2011). Reports of 
forest mortality (and, therefore, AGB loss) as a result of drought, insects, and permafrost 
degradation are increasingly common in the literature (Carpino et al., 2018; Helbig et al., 
2016; Hogg et al., 2008; Ma et al., 2012; Volney and Fleming, 2000), but were not 
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included here due to lack of accurate information. These additional sources of 
disturbance are partly captured in the “other” category for biomass change.  For example, 
AGB in the Western Cordillera exhibits a notable inflection point around 2005 (Figure 
4.7), which coincides with the period when the “residual” source of AGB change 
becomes strongly negative. Reports have identified an extensive Mountain Pine Beetle 
infestation that occurred in the same region around the same time, resulting in a loss of 
ecosystem carbon stocks that was on the order of 20-25 Mt C yr-1 (Kurz et al., 2008).  
However, because our analysis did not explicitly include the effect of pest disturbance, 
we were unable to quantify the impact of this process on regional AGB budgets. 
 
4.4.4 Rates of Forest Recovery 
We note that, in addition to mapping and quantifying the impact of disturbance, 
understanding and quantifying the magnitude and rate of recovery in AGB after 
disturbance events is also of interest.  Previous studies have used spectral vegetation 
indices such as the NDVI or normalized burn ratio (NBR) to characterize forest recovery 
after disturbance (Frazier et al., 2018; Kennedy et al., 2010).  However, the use of such 
indices tends to overestimate rates of forest recovery (White et al., 2017) because NDVI 
and NBR changes may reflect understory growth and key forest structural parameters 
such as cover and height recover to pre-burn states over much longer time scales than do 
indices such as the NBR or NDVI (Bartels et al., 2016; Bolton et al., 2017). Thus, relying 
on spectral indices alone to characterize forest growth in heavily disturbed biomes like 
the Boreal forest is likely to overestimate growth and productivity because changes in 
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spectral indices may reflect changing characteristics on the land surface that are not 
directly related to woody biomass growth, such as the growth of Herbaceous vegetation 
or changing surface water status.   This question requires more investigation, but the 
results presented here suggest that if extensive and high-quality training data are 
available, then it should be possible to directly and reliable estimate rates of recovery in 
AGB from time series of optical imagery using more sophisticated approaches than 
univariate correlations with spectral vegetation indices (e.g., machine learning 
approaches). 
 
4.4.5 Non-Biomass Carbon 
This study does not account for dynamics in below ground carbon (e.g., in soils 
and roots) or in other pools of carbon beyond live aboveground woody biomass, which 
all represent important and dynamic pools of carbon in Boreal ecosystems (Post et al., 
1982).  Although it is beyond the scope of our study, understanding changes in Boreal 
soil carbon is a crucial element of Boreal carbon balance, since their stores are large and 
sensitive to climate warming (Bradshaw & Warkentin, 2015; Post et al., 1982). Our 
analysis only provides information on net carbon uptake stored as wood, and does not 
account for substantial fluxes of carbon into the soil via litterfall and out of the soil by 
respiration. Furthermore, disturbance factors that may lead to forest mortality, but not 
immediate combustion or decomposition of woody biomass, are not explicitly accounted 
for by our methodology. For example, insect infestation or drought that kills trees 
generates standing dead trees that are considered biomass losses by our methodology, but 
123 
 
 
would not contribute to atmospheric carbon until they eventually decompose or are 
burned. Thus, our results provide information that is necessary, but not sufficient, to 
estimate a complete accounting of Boreal carbon dynamics and interannual-to-decadal 
time scales. 
 
 
4.5 Conclusions 
Recent advances in the availability of remote sensing information as well as 
computational techniques are making possible more detailed analyses of large and remote 
areas like Boreal forests. Changes in the ecosystems of high northern latitudes have 
substantial potential to alter global climate-carbon feedbacks, particularly as climate 
change alters disturbance regimes and the distribution of vegetation types. Here we 
demonstrate the ability of time series of optical remote sensing to characterize and 
quantify long-term dynamics in Boreal forest AGB. This type of analysis provides a 
considerable improvement over studies relying on spectral vegetation indices alone, 
which have no biophysical interpretation, or mapping gains and losses of forest cover, 
which fail to detect subtler changes in forests due to forest degradation or environmental 
stressors. We find substantial spatio-temporal variability in the accumulation rate of 
aboveground forest carbon stocks, suggesting that the nature and impact of disturbance 
regimes varies strongly by ecoregion.  Hence, to accurately project changes in Boreal 
forest dynamics it will be necessary to characterize disturbance regimes and land cover 
change at regional and continental scales. While previous studies have also found fire to 
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be the primary driver of carbon balance on an interannual basis (Bond-Lamberty et al., 
2007; Kasischke et al., 2010; Van Bellen et al., 2010), we find that harvest imposes a 
comparable impact on overall carbon budgets over time despite their limited area due to 
their relatively high per-area biomass density. The Boreal forests of the ABoVE Core 
Study Domain appear to be a net carbon sink with respect to live AGB, but that sink is 
modulated substantially by variable disturbance and regrowth occurring throughout space 
and time. 
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Table 4.1 | Summary of ecoregions mapped, including the proportional area 
experiencing fire or harvest and the proportion of the total ecoregion that lies within 
the study domain. The study domain only includes areas considered in the Boreal 
biome, which excludes Arctic and Tundra ecoregions with limited data AGB density. 
Ecoregion Area (km2) 
Proportion 
of domain 
Percent 
burned 
Percent 
harvested 
Proportion of 
ecoregion 
Alaska Boreal Interior 422,135 12.6 32.7 0.0 98.8 
Boreal Cordillera 567,075 21.4 16.0 0.2 95.1 
Boreal Plain 337,940 11.7 20.9 4.2 56.2 
Marine West Coast Forest 51,402 3.9 1.0 0.0 21.7 
Softwood Shield 86,801 4.9 46.3 0.1 10.8 
Taiga Cordillera 302,976 8.7 14.8 0.2 96.2 
Taiga Plain 633,262 17.5 23.1 0.2 92.1 
Taiga Shield 381,311 12.6 26.0 0.0 30.3 
Western Cordillera 85,454 6.8 2.5 7.3 17.9 
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Figure 4.1 | Two-dimensional histogram indicating the correspondence between 
Gradient Boosted Machine model fit and independent test data set on predictions of 
aboveground biomass (GLAS-AGB) from Landsat reflectance. The grey boxes 
located at the origin indicates a large collection of points near zero that go beyond the 
scale.  
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Figure 4.2 | Domain-wide map of mapped aboveground biomass (AGB) across 
Boreal biome in the study domain.  Lines indicate ecoregion boundaries derived from 
the EPA North American Level 2 ecoregions. Shown is the predicted AGB for the year 
2007 to demonstrate the spatial variability; 2007 was chosen as it lies within the years of 
observations for GLAS.
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Figure 4.3 | Distribution of aboveground biomass (AGB) and trends taken from a sample across the ABoVE Core Study 
Domain. Shown are only the land covers that include woody biomass (e.g. Forest and Shrubs) and one non-woody land cover 
(Herbaceous) for comparison. a) Land cover and ecoregion-specific distributions of AGB in a sample of pixels. b) Land cover 
and ecoregion-specific distributions of trends in AGB in a sample of pixels that do not experience land cover change between 
1984-2014. 
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Figure 4.4 | Spatiotemporal dynamics of aboveground biomass (AGB) and its 
changes over an area of intensive timber harvest and other land use in British 
Columbia. a) AGB across the area in 1984. b)  AGB across the area in 2014. c) The 
difference in AGB between 2014 and 1984, indicating areas of net gain and loss. d) Area-
wide accounting of the total net cumulative changes in AGB overall as well as due to fire, 
harvest, and other. Cumulative accounting shown here is indicative of a larger region 
than shown, but the shown area is representative of the area analyzed. Uncertainty 
indicates the 95% confidence interval around the cumulative sum. Residual is determined 
as the difference between net change and the sum of fire and harvest changes. 
Disturbance-related changes that are positive indicate post-disturbance regrowth.  
130 
 
 
 
Figure 4.5 | Spatiotemporal dynamics of aboveground biomass (AGB) and its 
changes over an area of repeated fires near Pelly Crossing, the Yukon. a) AGB 
across the area in 1984. b)  AGB across the area in 2014. c) The difference in AGB 
between 2014 and 1984, indicating areas of net gain and loss. d) Area-wide accounting of 
the total net cumulative changes in AGB overall as well as due to fire, harvest, and other. 
Uncertainty indicates the 95% confidence interval around the cumulative sum. Residual 
is determined as the difference between net change and the sum of fire and harvest 
changes. Disturbance-related changes that are positive indicate post-disturbance 
regrowth.
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Figure 4.6 | Spatiotemporal dynamics of aboveground biomass (AGB) and its changes over an area with a single large 
fire in the time series in the Taiga Plain in the Northwest Territories. a) AGB across the area in 1984. b)  AGB across the 
area in 1996, immediately following the major fire. c) AGB across the area in 2014, at the end of the time series. d) The 
difference in AGB between 1996 and 1984, indicating areas of AGB loss due to the fire. e) The difference in AGB between 
2014 and 1996, indicating areas of slight AGB recovery 19 years after the fire. f) Area-wide accounting of the total net 
cumulative changes in AGB overall as well as due to fire, harvest, and other. Uncertainty indicates the 95% confidence interval 
around the cumulative sum. Residual is determined as the difference between net change and the sum of fire and harvest 
changes. Disturbance-related changes that are positive indicate post-disturbance regrowth. 
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Figure 4.7 | Temporal dynamics of cumulative aboveground biomass (AGB) change due to disturbance over each 
ecoregion. Fire and Harvest related losses are derived from the Canadian Fire Database, Alaskan Large Fire Database, and the 
dataset of White et al. (2017) that catalogs timing and location of harvest events in Canada. The Residual source is determined 
as the difference of the Net AGB change and the sum of the Fire and Harvest changes. Lines indicate the mean cumulative 
change and shading indicates the 95% confidence interval determined from the change point algorithm. Not shown is the 
ecoregion MARINE WEST COAST FOREST, which had negligible changes in AGB within the ABoVE Core Study Domain.
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Figure 4.8 | Cumulative aboveground biomass (AGB) change totals and change due 
to disturbance aggregated across the entire study domain. Fire and Harvest related 
losses are derived from the Canadian Fire Database, Alaskan Large Fire Database, and 
the dataset of White et al. (2017) that catalogs timing and location of harvest events in 
Canada. The Residual source is determined as the difference of the Net AGB change and 
the sum of the Fire and Harvest changes. Lines indicate the mean cumulative change and 
shading indicates the 95% confidence interval determined from the change point 
algorithm. 
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Figure 4.9 | Temporal dynamics of post-disturbance recovery for both aboveground biomass (AGB), and spectral 
indices including the normalized burn ratio (NBR) and the normalized difference vegetation index (NDVI) across a 
sample of pixels in the domain. The vertical dashed line indicates Year 0, the time of disturbance, while Years < 0 indicate 
times before disturbance, for context. a) Yearly distributions of AGB following fires and harvest b) Yearly distributions of 
NBR following fires and harvest.   c) Yearly distributions of NDVI following fires and harvest.     Temporal patterns when 
evaluated using the normalized burn ratio (NBR) were very similar to those
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CONCLUSIONS 
 
5.1 Overview 
In this dissertation, we describe a series of analyses designed to characterize land 
cover change and its consequences for remote sensing of productivity across the study 
domain of NASA’s ABoVE project in Alaska and northwestern Canada.   Arctic and 
Boreal regions of North America are hypothesized to play a critical role in the global 
carbon-climate feedbacks (Chapin et al., 2000), yet understanding of these dynamics is 
incomplete (Fisher et al., 2018). Advances in this field have been stymied by the 
expansive, heterogeneous, and remote nature of these ecosystems, which makes field 
work resource intensive and scaling from limited sites challenging.  Remote sensing 
plays a key role in understanding Arctic-Boreal systems due to its ability to repeatedly 
characterize ecosystem properties at synoptic scale.  
This work is the product of many advances in the availability of spaceborne 
satellite remote sensing data and computational techniques that enable the processing of 
dense, multidecadal time series (Farina et al., 2019; Sun et al., 2017; Woodcock et al., 
2008).   Using these advances, we provide new insights relating how the complex 
disturbance regimes of Arctic-Boreal North America, including fires and logging, 
dramatically alter regional land cover and, by extension, remotely sensed measures of 
productivity at continental and decadal spatiotemporal scales.  Specifically, by 
incorporating complementary streams of data from a variety of remote sensing platforms 
and other gridded datasets, we characterize the extent and nature of land cover change in 
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the ABoVE Core Study Domain, quantify the impacts these changes on remotely-sensed 
observations of productivity, and estimate the degree to which disturbances, and their 
associated land cover changes, impact biomass accumulation rates over time.  Land cover 
is a fundamental ecosystem property that influences much of how carbon cycle science 
measures and understands climate change impacts.  Without understanding the nature of 
land cover change at multiple spatial and temporal scales, it is impossible to accurately 
characterize carbon-climate feedbacks in the context of extensive global climate and 
ecosystem change. This work significantly advances our understanding of Arctic-Boreal 
land cover change and adds nuance to the interpretation of remotely-sensed measures of 
ecosystem properties. 
 
5.2 Summary of Key Findings 
The work presented here includes three separate, but related, chapters. They all 
incorporate heavy use of remote sensing data and computational analysis to characterize 
Arctic-Boreal land cover changes, how they intersect with observed trends in land surface 
greenness, and how they inform estimates of Boreal forest carbon balance. In the first 
chapter, we described the background of Arctic-Boreal ecosystem change, remote sensing 
applications, and greening trends that provide the context and motivation for this work. 
 In the second chapter, we utilize dense time series of Landsat surface reflectance 
measurements in combination with extensive high-resolution imagery to map 31 years of 
land cover across the ABoVE domain. We sought to quantify rates of various key land 
cover transitions that define important land surface characteristics in Arctic-Boreal 
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biomes. We found land cover change occurring extensively in two primary modes – one 
of Boreal biomes losing substantial Evergreen Forest (relative to 1984 area, -14.8 ± 3.0 
%) while gaining Deciduous Forest substantially (+15.4 ± 5.2 %), and one of Arctic 
biomes experiencing substantial Shrub Gain and Herbaceous Gain (+7.3 ± 2.0 %) over 
previously Sparse Vegetation or Barren land.  Boreal forest changes occurred due to 
disturbances, such as fires and logging, removing Evergreen Forests and spurring 
Deciduous Forest and Shrub Gain, while Arctic tundra changes occurred due to climate 
warming expanding shrubs. These changes are consistent with increased northern high-
latitude productivity trends implied by atmospheric observations. 
In the third chapter, we compared the land cover change information generated 
from the previous chapter with mapped trends in NDVI in the ABoVE Core Study 
Domain, a widely observed phenomenon referred to as “greening” and “browning”. We 
found that nearly a third of areas with significant greening or browning were associated 
with land cover change, implying a potential bias in the interpretation of these greening 
and browning areas if viewed without an understanding of their land cover history. 
Boreal patterns included the highest magnitude greening and browning within fire scars 
and logging, which largely reflected gains and losses in forest cover of various types, 
while Arctic patterns were widespread and showed lower magnitude greening trends 
often associated with shrub expansion.  Sun-induced fluorescence, a proxy for 
productivity, captures age-dependent relationships in land cover and productivity that 
NDVI does not. This work provides a quantification of the degree to which land cover 
change influences Arctic-Boreal greening and browning trends in both extent and 
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magnitude, and begins to explore alternative measures of satellite-based productivity that 
are sensitive to dynamic land cover histories. More advanced studies will require an 
analysis of how these satellite-based measures can be understood with greater 
mechanistic detail and how the sparser datasets, such as SIF, can be extended in space 
and time.  
For the fourth chapter, we generated a dataset of annual, 30 m maps of 
aboveground live woody biomass in the Boreal biome of the ABoVE Core Study Domain 
by combining data from time series of Landsat data, information on land cover and 
disturbance history, and extensive GLAS lidar data with advanced machine learning 
techniques. We used this data to characterize differences in woody biomass stocks and 
biomass accumulation rates across land covers and ecoregions, as well as to characterize 
the dynamics of disturbance-related loss and regrowth across ecoregions in the Boreal 
forests of the ABoVE domain.  In most ecoregions, total carbon accumulation was highly 
correlated with the occurrence of fire, though harvests also imposed a large, cumulative 
loss of carbon via consistent losses. Despite these disturbances, the Boreal forest is 
overall accumulating biomass, although the sink appears to be slowing in the latter part of 
the time series. While it has long been known that fires drive much of Boreal forest 
carbon, here we present a quantification of these dynamics based on extensive 
observations, rather than limited field plots or model-based studies.  
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5.3 Future Directions 
The work presented in this dissertation represents a significant advance in Earth 
Systems Science and remote sensing by analyzing how time series data can be used to 
characterize disturbance history and its impacts on ecosystem function.  However, 
significant gaps still remain. Here, we discuss several potential future directions that can 
further improve the insights generated by this dissertation. 
First, while the domain of this dissertation is large, it does not encompass the 
entirety of Arctic-Boreal regions, or even the entire Arctic-Boreal region of North 
America. The climate and disturbance regimes of eastern Canada are substantially 
different from those of Arctic-Boreal Eurasia, or even of western Canada (Gauthier et al., 
2015; Soja et al., 2007; Sulla-Menashe et al., 2018). For example, eastern Canada tends 
to be substantially wetter and more heavily harvested than western Canada, which 
impacts the patterns of NDVI trends in different ways than in western Canada (Sulla-
Menashe et al., 2018). The results here may not generalize across the continent without 
further study.  Expanding the land cover change, productivity, and AGB analysis 
employed here will greatly improve understanding of the unique dynamics of other 
Arctic-Boreal regions. 
Second, the disturbance agents that drive land cover change throughout Arctic-
Boreal biomes are numerous. However, here we focus only on disturbance agents for 
which data are readily available and of high quality (wildfire and timber harvest) 
(Kasischke et al., 2002; Stocks et al., 2002; White et al., 2017), but which do not 
characterize any of the variety of other subtler, but potentially important, disturbances.  
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For example, permafrost degradation results in substantial forest loss, potentially at rates 
equivalent to those of fire-based losses (Carpino et al., 2018; Helbig et al., 2016), and the 
ensuing wetland expansion likely results in different carbon dynamics and biophysical 
than fires (Helbig et al., 2017).   Insect infestation is a well-documented phenomenon in 
some parts of the Boreal forest and exhibit a potentially severe feedback with climate 
change (Kurz et al., 2008; Volney and Fleming, 2000), but data on the spatial variability 
of insect infestation is lacking. Other disturbance agents, like droughts, resource 
exploration, and changes in Arctic herbivory, are likely to impact land cover and carbon 
dynamics in distinct ways (Gough et al., 2012; Hogg et al., 2008; Ma et al., 2012; Park 
Williams et al., 2012; Sjögersten et al., 2008; Williams et al., 2013), and additional 
information on the location and timing of these different disturbance agents is required to 
accurately characterize these impacts. 
Third, more sophisticated statistical methods for evaluating trends in NDVI are 
needed. Simple linear models based on time fail to capture interannual variability and are 
relatively insensitive to disturbances, resulting in simplified or biased understanding of 
land surface changes (Sulla-Menashe et al., 2018). Methods that fit piecewise linear 
trends are more sensitive to disturbances and are more likely to characterize realistic 
changes in land surface characteristics due to global change (Cohen et al., 2018; Forkel et 
al., 2013; Kennedy et al., 2010).  
Fourth, we demonstrate that NDVI is not a sensitive indicator of changes in 
productivity in mid-successional forests, thus missing important demography-dependent 
variability in carbon exchange (Pugh et al., 2019). It is well-known that NDVI saturates 
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at relatively high values of LAI, suggesting a loss of sensitivity that may hamper its 
utility as a metric for productivity (Curran, 1983) . Additional information, such as SIF 
demonstrated here or other spectral indices that capture light use efficiency or water 
status (Crist and Cicone, 1984; Gamon et al., 1992; Garbulsky et al., 2011), may provide 
complementary information on ecosystem function. Dynamic and heterogeneous land 
surface characteristics, including open canopies and understory reflectance, often 
confound interpretation of NDVI in Arctic and Boreal ecosystems, such as the incidence 
of seasonally variable and extensive surface water (Cooley et al., 2019; Raynolds et al., 
2012).  
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APPENDIX 1: LANDSAT-BASED SPECTRAL MEASURES USED FOR 
CLUSTERING AND MAPPING 
Appendix Table A.1.1 | List and descriptions of the Landsat-based spectral features 
used for clustering and land cover mapping. Difference metrics (i.e. Tasseled Cap 
Wetness – Tasseled Cap Greenness) were because previous studies concluded that they 
improved accuracy for mapping wetlands (Huang et al., 2014). Coefficients for 
calculation of tasseled cap indices are taken from Crist & Cicone (1984). 
Band or Index Description 
Blue Landsat Band 1, wavelength 0.45 – 0.52 μm 
Green Landsat Band 2, wavelength 0.52 – 0.60 μm 
Red Landsat Band 3, wavelength 0.63 – 0.69 μm 
Near Infrared Landsat Band 4, wavelength 0.76 – 0.90 μm 
Shortwave Infrared 1 Landsat Band 5, wavelength 1.55 – 1.75 μm 
Shortwave Infrared 2 Landsat Band 7, wavelength 10.40 – 12.50 μm 
Brightness Temp. Landsat Band 6, wavelength 2.08 – 2.35 μm 
Norm. Diff. Veg. Ind. NDVI =  
ρ    −  ρ   
ρ    +  ρ   
 
Enhanced Veg. Ind. EVI =  2.5 ∗
ρ    − ρ   
ρ    +  6 ∗ ρ    − 7.5 ∗  ρ     + 1
 
Norm. Burn Ratio  NBR =  
ρ    − ρ     
ρ    + ρ     
 
TC Brightness TCB =  0.2043 ∗  ρ     + 0.4158 ∗ ρ      + 0.5524 ∗ ρ    + 0.5741
∗ ρ    + 0.3124 ∗ ρ      + 0.2303 ∗ ρ      
TC Greenness TCG =  −0.1603 ∗  ρ     − 0.2819 ∗ ρ      − 0.4934 ∗ ρ    + 0.7940
∗ ρ    + 0.0002 ∗ ρ      + 0.1446 ∗ ρ      
TC Wetness TCW =  0.0315 ∗  ρ     + 0.2021 ∗ ρ      + 0.3102 ∗ ρ    + 0.1594
∗ ρ    + 0.6806 ∗ ρ      + 0.6109 ∗ ρ      
TC Wetness-
Greenness Difference  
TCWGD = TCW − TCG 
Red Chromatic 
Coordinate 
RCC =
ρ   
(ρ     + ρ      + ρ   )
 
Green Chromatic 
Coordinate 
GCC =
ρ     
(ρ     + ρ      + ρ   )
 
Blue Chromatic 
Coordinate 
BCC =
ρ    
(ρ     + ρ      + ρ   )
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APPENDIX 2: EXTENDED LAND COVER LEGEND 
Appendix Table A.2.1 | Land cover legend labels and descriptions for the extended 
legend. The land cover maps were originally created with this legend; they were then 
converted to the simplified legend (Table 2.1) for the change analysis. 
Label Description 
Evergreen Forest Area dominated by tall woody vegetation (> 3m tall) and over 60% 
canopy coverage with primarily (>75%) evergreen phenological 
habit (canopy maintains green foliage year-round). 
Deciduous Forest Area dominated by tall woody vegetation (> 3m tall) and over 60% 
canopy coverage with primarily (>75%) deciduous phenological 
habit (annual cycle of leaf-on and leaf-off periods). 
Mixed Forest Area dominated by tall woody vegetation (> 3m tall) and over 60% 
canopy coverage with neither forest type (deciduous or evergreen) 
exceeding over 60% of the area. 
Woodland Area dominated by tall woody vegetation (> 3m tall) with between 
30-60% canopy coverage. Frequently co-exists with peatlands and 
typically, but not always, evergreen in phenological habit. 
Low Shrub Area dominated by dense hemi-prostrate to low-erect shrubs (5-
30cm in height) with >60% area coverage. Analogous to "prostrate 
dwarf-shrub" occurring in tundra areas. 
Tall Shrub Area dominated by woody vegetation between 50cm and 3m tall 
and shrub canopy coverage >60% coverage. Typically, but not 
always, deciduous phenological habit. 
Open Shrubs Area with woody vegetation less than 3m tall and between 30-60% 
canopy coverage. Shrubs typically underlain by herbaceous or 
barren land cover. 
Herbaceous Area dominated by herbaceous land cover greater than 60% land 
cover and tree/shrub cover less than 10%. 
Tussock Tundra Tundra-specific herbaceous land dominated by Eriophorum 
vaginatum and other tussock-forming herbaceous species, 
coverage over 60%. 
Sparsely Vegetated 10-30% canopy coverage, any vegetation but typically 
herbaceous/bryophyte, with rock underneath 
Fen hydrologically connected, sedge/grass dominated wetland 
Bog ombrotrophic, peat and shrub dominated wetland 
Shallows/littoral lakes <1 m deep with some vegetation or shoreline mixed with 
water/land 
Barren <10% vegetation, mostly rock 
Water Oceans, lakes, and rivers, either salt-water or freshwater. 
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APPENDIX 3: AREA ESTIMATION STRATA DEFINITION AND BIAS CORRECTION 
Appendix Table A.3.1 | Matrix of mapped transitions and change strata definitions. For each box, the row indicates the 
starting land cover in 1984 and the column indicates the ending land cover in 2014. The boxes on the diagonal indicates the 
proportions of each stable land cover (e.g. experiencing no change in land cover). Due to space constraints, Evergreen Forest is 
abbreviated as EF, Deciduous Forest as DF, Shrub as SH, Herbaceous as Herb, Shallows as Shall., and Barren as Bare. 
Numeric values indicate the percent of the ABoVE Core Study Domain that is mapped as experiencing a land cover change 
defined by its row and column. The boxes are color coded according to the inclusion of each land cover transition in the 
definition of a given land cover change class (see Table 2.1). Strata weights are determined by the sums of the mapped areas 
across all land cover transitions within a certain land cover change class. White indicates stable classes (total 82.8%), red 
indicates Evergreen Forest Loss (4.98%), blue indicates Deciduous Forest Gain (1.40%), green indicates Evergreen Forest 
Gain (2.56%), orange indicates Shrub Loss (1.57%), brown indicates Shrub Gain (2.62%), yellow indicates Herbaceous Gain 
(2.2%), and pale blue indicates Other Change (1.932%). Deciduous Forest Loss was mapped as 0.53%, which was deemed 
negligible and thus not explicitly estimated. 
       Ends as… 
   EF DF SH Herb Sparse Bare Fen Bog Shall. Water 
EF 24.9 0.467 1.22 0.34 2.45 0.10 0.80 0.05 0.01 0.01 
DF 0.26 5.4 0.24 0.17 0.03 0.01 0.08 0.00 0.00 0.00 
SH 0.81 0.53 8.6 0.77 0.28 0.02 0.47 0.01 0.01 0.01 
Herb 0.08 0.27 1.5 8.8 0.35 0.02 0.10 0.00 0.00 0.00 
Sparse 1.01 0.05 0.71 1.13 13.5 0.21 0.272 0.00 0.01 0.00 
Bare 0.12 0.01 0.05 0.07 1.00 9.7 0.04 0.00 0.02 0.06 
Fen 0.25 0.07 0.35 0.03 0.05 0.01 2.3 0.00 0.01 0.01 
Bog 0.03 0.00 0.01 0.00 0.00 0.00 0.00 0.2 0.00 0.00 
Shall. 0.01 0.00 0.01 0.00 0.01 0.01 0.02 0.00 0.6 0.02 
Water 0.00 0.00 0.01 0.00 0.00 0.05 0.01 0.00 0.05 8.8 
St
ar
ts
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s…
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Appendix Table A.3.2 | Impact of bias correction on area of land cover and land cover change from 1984-2014. The 
mapped area is derived as the simple sum of areas mapped by our Random Forest algorithm. The estimated area is the area 
derived from the design-based sample. The difference shows the relative change between mapped area and estimated area, 
which demonstrates the class-specific bias introduced by classification errors in the maps. Due to space constraints, the table 
has been split into two parts. Evergreen Forest is abbreviated as EF, Deciduous Forest as DF, Shrub as SH, Herbaceous as 
Herb, Shallows as Shall., and Other as Oth. Reference data indicated in columns and mapped classification data indicated in 
rows, total n = 1299. Absolute areas presented in units of 1,000 km2. Table is broken into two parts to fit the page. 
  
EF DF SH Herb Sparse Bare Fen Bog Shall. Water 
Mapped 
Area  
1,155.10 251.1 394 433 634.1 461.4 106.8 10 29.7 421.9 
Estimated 
Area  
1051.2 328.4 483.5 512.6 606.1 419.9 178 27.6 89.4 415.8 
Difference 
(%) 
9.9 -23.5 -18.5 -15.5 4.6 9.9 -40.0 -63.8 -66.8 1.5 
 
 
 EF 
Loss 
SH Loss DF 
Gain 
EF 
Gain 
Herb 
Gain 
SH Gain Oth. 
Mapped 
Area  
244.3 75.4 70.5 111 109.7 124.3 128.3 
Estimated 
Area  
259.9 42.2 50.6 64 104.9 75.8 49.9 
Difference 
(%) 
-6.0 78.7 39.3 73.4 4.6 64.0 157.1 
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APPENDIX 4: ADDITIONAL MAPS OF LAND COVER AND LAND COVER 
CHANGE 
 
Appendix Figure A.4.1 | Domain-wide spatial coherence between forest change areas 
and historical fire perimeters. Comparison of maps of a) fire perimeters from the 
combined Alaska and Canadian large fire databases spanning 1960-2014 and land cover 
change, including b) evergreen forest loss, c) deciduous forest gain, and d) evergreen 
forest gain. Spatial patterns of forest loss and recovery are spatially coherent with fire 
perimeters, particularly for evergreen forests. Dotted line displays the treeline, which 
serves as our boundary between Boreal and Arctic biomes. 
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Appendix Figure A.4.2 | Additional maps of land cover and land cover change (1984-2014) in the ABoVE Core Study 
Domain. a) Land cover across the study domain in 1984; b) land cover across the study domain in 2014; c) Areas of Evergreen 
Forest Loss; d) areas of Shrub Loss; e) areas of Deciduous Forest Gain; f) areas of Evergreen Forest Gain; g) areas of 
Herbaceous Gain; h) areas of Shrub Gain. Dotted line displays the treeline, which serves as our boundary between Boreal and 
Arctic biomes. Mapped changes are presented as downscaled 900m pixels for display purposes.
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APPENDIX 5: EXAMPLE OF CHANGE POINT FITTING ALGORITHM 
 
Appendix Figure A.5.1 | Example time series of changepoint algorithm and piece 
linear regression fitting procedure across four pixels. Points indicate the original 
AGB density predicted by the Gradient-Boosted Machine model. Lines indicate the 
fitted piecewise linear regressions and blue ribbons indicate the 95% confidence 
interval derived from the linear regressions. The algorithm captures carbon 
dynamics of various kinds, including a) sharp loss due to disturbance plus following 
regrowth, b) steady growth that plateaus, c) steady increases in AGB density in 
growing forests, and d) steady decreases of AGB in declining forests. 
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APPENDIX 6: LAND COVER-SPECIFIC DISTRIBUTIONS OF AGB AND AGB TRENDS  
 
Appendix Figure A.6.1 | Distribution of aboveground biomass (AGB) and trends taken from a sample across the 
domain, aggregated across ecoregions. Shown are only the land covers that include woody biomass (e.g. Forest and Shrubs) 
and one non-woody land cover (Herbaceous) for comparison. a) Land cover specific distributions of AGB in a sample of 
pixels. b) Land cover specific distributions of trends in AGB in a sample of pixels that do not experience land cover change 
between 1984-2014
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